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https://medium.com/the-theory-of-everything/understanding-activation-functions-in-neural-networks-9491262884e0
https://towardsdatascience.com/activation-functions-neural-networks-1cbd9f8d91d6
https://jupyter.org/
https://www.youtube.com/watch?v=HW29067qVWk
http://www.samlau.me/
http://data8.org/
https://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.data8.org/
https://www.inferentialthinking.com/chapters/08/2/classifying-by-one-variable.html
https://www.inferentialthinking.com/chapters/09/5/finding-probabilities.html
https://www.inferentialthinking.com/chapters/10/3/empirical-distribution-of-a-statistic.html
https://www.inferentialthinking.com/chapters/13/4/using-confidence-intervals.html
https://towardsdatascience.com/an-introduction-to-the-bootstrap-method-58bcb51b4d60
https://www.inferentialthinking.com/chapters/16/2/inference-for-the-true-slope.html
https://www.mathsisfun.com/data/least-squares-regression.html
https://www.inferentialthinking.com/chapters/17/1/nearest-neighbors.html
https://cs61a.org/
https://www.mathsisfun.com/calculus/derivatives-introduction.html
https://www.youtube.com/watch?v=UPaq_ZOmBeI
https://betterexplained.com/articles/vector-calculus-understanding-the-gradient/
https://www.youtube.com/watch?v=aumzuCzIruE
https://www.mathsisfun.com/algebra/vectors.html
https://www.mathsisfun.com/algebra/matrix-introduction.html
https://www.youtube.com/watch?v=P8tXDuP9t88&list=PL08ef9eJxtJa3svcoUCDmG-_lDx2ihWKF
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https://alioh.github.io/ds-100-ar/files/chapter1/roster.csv

<>
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

students = pd.read_csv('roster.csv')
students

Role Name

0 Student Keeley
Student John

2 Student BRYAN

276 Waitlist Student Ernesto
277 Waitlist Student Athan

278 Waitlist Student Michael

279 rows x 2 columns
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students['Name'] = students['Name'].str.lower()
students

Role Name

0 Student keeley
1 Student john
2 Student bryan

276 Waitlist Student ernesto
277 Waitlist Student athan

278 Waitlist Student michael

279 rows x 2 columns
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students

Role Name
0 Student keeley
Student john
2 Student bryan
276 Waitlist Student ernesto
277 Waitlist Student athan
278 Waitlist Student michael

279 rows x 2 columns
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print("There are", len(students), "students on the roster.")

There are 279 students on the roster.
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students[ ‘Role'].value_counts().to_frame()

Role
Student 237
Waitlist Student 42
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sns.distplot(students['Name'].str.len(),
rug=True,
bins=np.arange(12),
axlabel="Number of Characters")
plt.xlim(@, 12)
plt.xticks(np.arange(12))
plt.ylabel('Proportion per character');
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students[ ‘Name'][5]

‘jerry'
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import urllib.request
import os.path

data_url = "https://www.ssa.gov/oact/babynames/names.zip"
local_filename = "babynames.zip"
if not os.path.exists(local filename): # c,al 55e Llead ¥ il i 13
with urllib.request.urlopen(data_url) as resp, open(local_filename, ‘wb') as f:
f.write(resp.read())

import zipfile
babynames = []
with zipfile.ZipFile(local_filename, "r") as zf:
data_files = [f for f in zf.filelist if f.filename[-3:] == "txt"]
def extract_year_from_filename(fn):
return int(fn[3:7])
for f in data_files:
year = extract_year_from_filename(f.filename)
with zf.open(f) as fp:
df = pd.read_csv(fp, names=["Name", "Sex", "Count"])
df["Year"] = year

babynames.append(df)
babynames = pd.concat(babynames)
babynames
Name Sex Count Year
0 Mary F 9217 1884
1 Anna F 3860 1884
2 Emma F 2587 1884
2081 Verna M 5 1883
2082 Winnie M 5 1883
2083 Winthrop M 5 1883

1891894 rows x 4 columns
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pivot_year_name_count = pd.pivot_table(
babynames, index='Year', columns='Sex',
values="Count'. agefunc=np.sum)


https://www.ssa.gov/oact/babynames/index.html
https://www.ssa.gov/oact/babynames/background.html

pink_blue = ["#E188DB", "#334FFF"]

with sns.color_palette(sns.color_palette(pink_blue)):
pivot_year_name_count.plot(marker=".")
plt.title("Registered Names vs Year Stratified by Sex")
plt.ylabel('Names Registered that Year')

Registered Names vs Year Stratified by Sex
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babynames[ 'Name'] = babynames['Name'].str.lower()
babynames

Name Sex Count Year

0 mary F 9217 1884

1 anna F 3860 1884

2 emma F 2587 1884
2081 verna M 5 1883
2082 winnie M 5 1883
2083 winthrop M 5 1883

2084 rows x 4 columns
39090l £939 ol S dlgall dde maz o

<>

sex_counts = pd.pivot_table(babynames, index='Name', columns='Sex',
values="'Count', aggfunc="sum',
fill_value=0., margins=True)

sex_counts

Sex F M All
Name

aaban 0 96 96
aabha 35 0 35
aabid 0 10 10

zyyon 0 6 6


https://www.wikiwand.com/en/Baby_boomers

Sex F M All
zzy7X 0 5 5
All 170639571 173894326 344533897

96175 rows x 3 columns
el a6 @l 1SS d Ol LSy sl ol ) sSI JlabsSU Te gt ST 0l O 13) Lo yuxa)
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/ sex_counts['All"]

prop_female = sex_counts['F']
= prop_female

sex_counts[ 'prop_female']
sex_counts

Sex F M All prop_female
Name
aaban 0 96 96 0.0
aabha 35 0 35 1.0
aabid 0 10 10 0.0
zyyon 0 6 6 0.0
7zy7X 0 5 5 0.0
All 170639571 173894326 344533897 0.5

96175 rows x 4 columns
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def sex_from_name(name):
if name in sex_counts.index:
prop = sex_counts.loc[name, 'prop_female']
return 'F' if prop > 0.5 else 'M'
else:
return 'Name not in dataset'

students['sex'] = students['Name'].apply(sex_from_name)
sex_from_name('sam')
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Role Name Sex

0 Student keeley F

1 Student john M

2 Student bryan M
276 Waitlist Student ernesto M
277 Waitlist Student athan M
278 Waitlist Student michael M

279 rows x 4 columns
L oy SBYIg 5ol due ddyrn A ggum LSy Y

<>

students['sex'].value_counts()

M 144
F 92
Name not in dataset 43

Name: Sex, dtype: int64
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def avg_year(group):
return np.average(group['Year'], weights=group['Count'])

avg_years = (
babynames
.groupby( 'Name")
.apply(avg_year)
.rename( ‘avg_year')
.to_frame()

)

avg_years

avg_year

Name
aaban 2012.57
aabha 2013.71
aabid 2009.50
zyyanna 2010.00
zyyon 2014.00
7zy7X 2010.00

96174 rows x 1 columns
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def year_from_name(name):
return (avg_years.loc[name, 'avg_year']
if name in avg_years.index
else None)

students[ 'year'] = students['Name'].apply(year_from_name)
students

Role Name Sex Year
0 Student keeley F 1998.15
1 Student john M 1951.08
2 Student bryan M 1983.57
276 Waitlist Student ernesto M 1981.44
277 Waitlist Student athan M 2004.40
278 Waitlist Student michael M 1971.18

279 rows x 4 columns
)l u Olgiad! 2)g3 poye Dggun LiSes 0
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sns.distplot(students['year'].dropna());
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students['year'].mean()

1983.846741800525
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names = babynames.set_index('Name').sort_values('Year"')
john = names.loc[ 'john']

john[john['Sex'] == 'M'].plot('Year', 'Count')
plt.title('Frequency of "John"');

Frequency of "John"
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names = babynames.set_index('Name').sort_values('Year')
kanye = names.loc['kanye']

kanye[kanye['Sex'] == 'M'].plot('Year', 'Count')
plt.title('Frequency of "Kanye"');
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<>

total = 129085410

obama_true_count = 65915795
romney_true_count = 60933504
obama_true = obama_true_count / total
romney_true = romney_true_count / total

# 1 percent off
obama_big = obama_true - 0.01
romney_big = romney_true + 0.01

pd.DataFrame({
"truth': [obama_true, romney_true],
'big': [obama_big, romney_big],
}, index=[‘'Obama‘', 'Romney'], columns=[‘'truth', 'big']).plot.bar()
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plt.xlabel('Candidate")

plt.ylabel('Proportion of popular vote')

plt.ylim(@, 0.75);
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<>
srs_size = 400

big_size = 60000000
replications = 10000

def resample(size, prop, replications):
return np.random.binomial(n=size, p=prop, size=replications) / size

resample(srs_size, obama_true, replications)
resample(big_size, obama_big, replications)

srs_simulations
big_simulations
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<>

bins = bins=np.arange(0.47, 0.55, 0.005)
plt.hist(srs_simulations, bins=bins, alpha=0.7, normed=True, label='srs')
plt.hist(big_simulations, bins=bins, alpha=0.7, normed=True, label='big"')

plt.title('Proportion of Obama Voters for SRS and Big Data')
plt.xlabel( 'Proportion')

plt.ylabel('Percent per unit')

plt.x1im(0.47, 0.55)

plt.ylim(@, 50)

plt.axvline(x=obama_true, color='r', label='truth')
plt.legend();
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https://www.geeksforgeeks.org/xml-parsing-python/
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11s
babynames.csv pandas_indexes.ipynb
others pandas_intro.ipynb

pandas_apply_strings_plotting.ipynb pandas_structure.ipynb
pandas_grouping_pivoting.ipynb
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!1s others

babies.data
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'head others/babies.data

bwt gestation parity age height weight smoke
120 284 0 27 62 100 (2]

113 282 © 33 64 135 @
128 279 © 28 64 115 1
123 999 © 36 69 1% ©
108 282 © 23 67 125 1
136 286 © 25 62 93 @
138 244 © 33 62 178 0
132 245 © 23 65 140 ©
120 289 © 25 62 125 @
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!tail others/babies.data

103 278 © 30 60 87 1
118 276 © 34 64 116 ©
127 290 © 27 65 121 ©
132 2706 @ 27 65 126 ©
113 275 1 27 60 160 @
128 265 © 24 67 120 ©
130 291 © 30 65150 1
125 281 1 21 65 110 ©
117 297 © 38 65 129 @
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https://www.youtube.com/watch?v=HW29067qVWk
https://gitforwindows.org/
https://alioh.github.io/ds-100-ar/files/chapter3/babies.data
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Icat others/text.txt

"city","zip","street"

"Alameda", "94501","1220 Broadway"
"Alameda","94501","429 Fair Haven Road"
"Alameda","94501","2804 Fernside Boulevard"
"Alameda","94501","1316 Grove Street"

1CSV Lo pisiuw babynames . csv cabe O &) LiSay Sis .Calall dSen d8,20) S tail 9 head plissiul dugie ol @
e il (bl Jaasd
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'head babynames.csv

Name, Sex, Count,Year
Mary,F,9217,1884
Anna, F,3860,1884
Emma, F,2587,1884
Elizabeth,F,2549,1884
Minnie,F,2243,1884
Margaret,F,2142,1884
Ida,F,1882,1884
Clara,F,1852,1884
Bertha,F,1789,1884

:pd.read_csv AWl 5Iu5L plasuils CSV wilake 8513 LSy
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# pxi pd J leialS S <4 Pandas. Wb aadiuin pd el 4sSdl i adls,
import pandas as pd
pd.read_csv('babynames.csv')
Name Sex Count Year
0 Mary F 9217 1884
1 Anna F 3860 1884
2 Emma F 2587 1884
1891891 Verna M 5 1883
1891892 Winnie M 5 1883
1891893 Winthrop M 5 1883
1891894 rows x 4 columns
Olalel e
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https://alioh.github.io/ds-100-ar/files/chapter3/babynames.csv
https://www.tutorialspoint.com/python_pandas/python_pandas_dataframe.htm
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KiB
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Culdl due
1024 = 240
10242 = 220
10243 = 230
1024 = 20
1024° = 2%

.MiB 50 = coluae 50 = ol 52428800 d>luws Jiiy (8y> 52428800 e Sy cike e

52428800 byte

52428800 byte 52428800

1024

= 51200 KiB

= 50 MiB

10242

1048576
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!1s others

babies.data text.txt

I1s -1 others

total 80
-rw-r--r--@
—PW-P--r--

1 sam
1 sam

:du
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1 U1 Ugany 103U 1- 28] Sl laghaall ope T W padd) lgale @lpsiall pasy A8Ls| oSay palsYl Jlas yalsl

staff 34654 Dec 19 13:34 babies.data

staff

177 Dec 19 13:37 text.txt
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ST daudl Jazdd .ol 34654 Jiko babies.data cilall OF (5539 . coldb Caladl po Udand a8 diyladl dmid] (yo ol 3 gasll

11s -1 -h others

total 80
-rw-r--r--@
-rW-r--p--

1 sam
1 sam

staff
staff

34K Dec 19 13:34 babies.data

177B Dec 19 13:37 text.txt
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11s -1 -h

total 62896
SRWEIRSEIREE
drwxr-xr-x
-rW-r--r--
-rW-r--r--

1 sam
4 sam
1 sam
1 sam

staff
staff
staff
staff

30M Aug 10 22:35 babynames.csv
128B Dec 19 13:37 others

118K Sep 25 17:13 pandas_apply_strings_plotting.ipynb
34K Sep 25 17:13 pandas_grouping_pivoting.ipynb
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-rw-r--r-- 1 sam staff
-rw-r--r-- 1 sam staff
-rw-r--r-- 1 sam staff

32K Dec 19 13:07 pandas_indexes.ipynb
2.1K Dec 19 13:23 pandas_intro.ipynb
23K Dec 19 13:44 pandas_structure.ipynb

cb|qu=AJ|Pq=>

!1s -1 -h

total 62896

-rw-r--r-- 1 sam staff
drwxr-xr-x 4 sam staff
-rw-r--r-- 1 sam staff
-rw-r--r-- 1 sam staff
-rw-r--r-- 1 sam staff
-rw-r--r-- 1 sam staff
-rw-r--r-- 1 sam staff
!1s -1 -h others

total 80

-rw-r--r--@ 1 sam staff
-rw-r--r-- 1 sam staff

3eM
128B
118K
34K
32K
2.1K
23K

Aug
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Sep
Sep
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135
3377
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3223
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babynames.csv

others
pandas_apply_strings_plotting.ipynb
pandas_grouping_pivoting.ipynb
pandas_indexes.ipynb
pandas_intro.ipynb
pandas_structure.ipynb
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34K Dec 19 13:34 babies.data
177B Dec 19 13:37 text.txt
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import pandas as pd
(Lo DI e ST Sloglas) pd. read_csv Al plaseisl @bl shd 031 LiSay bl il Of d
<>

baby = pd.read_csv('babynames.csv')
baby

Name Sex Count Year

0 Mary F 9217 1884

1 Anna F 3860 1884

2 Emma F 2587 1884
1891891 Verna M 5 1883
1891892 Winnie M 5 1883
1891893 Winthrop M 5 1883

1891894 rows x 4 columns

oo 3ol WSy cdle Jond U1 Mamall i (§ Ul babynames . csv Cake 0550 O e A1 (3 ranl 39501 Jamy S oY
:1s ).n‘)” ﬁ\v\zlwb RIEN| 6 839> gall lalall
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'1s
babynames.csv pandas_indexes.ipynb
others pandas_intro.ipynb

pandas_apply_strings_plotting.ipynb pandas_structure.ipynb
pandas_grouping_pivoting.ipynb

Name’« ‘Sex’« ‘Count’¢’ ) s ¢l 390 JSJ .DataFrame J! L;aujsgi S Lehsad @i eobildl Belyd) 516 3o pusvind Lodis
.(1891893 «... ¢2 1 <0) Sk (i 03) ylaw Ky ("“Year
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https://pandas.pydata.org/pandas-docs/stable/generated/pandas.read_csv.html

-1add 2016 ple WUl orwy OULII ouund ©
.Count 3ges palsiunly ,1,SH s s csill o

loc. pliseiuwl euwdid!

g0all gl 92 3 slaudl el 98 Lgwd JsYI psell Toc. pusind <DataFrame o sy 5w
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# 1 5, shul
# 251l Name
baby.loc[1, 'Name']
'Anna’
t Pl ges 91 s e ST Coead
<>

#5 0 1 sl s il
# 0e 32c¥l5 Name i~ Count
baby.loc[1:5, 'Name':'Count']

Name Sex Count
1 Anna F 3860
2 Emma F 2587
3 Elizabeth F 2549
4 Minnie M 2243
5 Margaret M 2142

: Ul pusiud «DataFrame JI oo Jadd d>lg 3gec dys bl

<>

baby.loc[:, 'Year']

[ 1884
1 1884
2 1884

1891891 1883
1891892 1883
1891893 1883
Name: Year, Length: 1891894, dtype: int64

293 Of oSy dadl L3>T NUMPY dgiuas (b degazall Series degaze J] DataFrame Jl Jgouii cJasd dxly 3gac Hlse Lodie
gbsizs praz e dulus Oldoss

<>

baby.loc[:, 'Year'] * 2

0 3768
1 3768
2 3768

1891891 3766
1891892 3766
1891893 3766
Name: Year, Length: 1891894, dtype: int64

oc. J3l dgiime el WiSey cJadd digae bhact Hlusy

<>

baby.loc[:, ['Name', 'Year']]

Name Year



# J 1 L=ial baby.loc[:, 'Name']

baby[ ‘Name']

0 Mary
1 Anna
2 Emma
1891891 Verna
1891892 Winnie

1891893 Winthrop

1891891
1891892
1891893

Name
Mary
Anna

Emma

Verna
Winnie

Winthrop

Year
1884
1884
1884

1883
1883
1883

1891894 rows x 2 columns

Name: Name, Length: 1891894, dtype: object

# J =ial baby.loc[:, ['Name', 'Count']]

baby[[ 'Name', 'Count']]

1891891
1891892
1891893

Name
Mary
Anna

Emma

Verna
Winnie
Winthrop

Count
9217

3860
2587

1891894 rows x 2 columns
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g duall il

9Ly ded JSU True g o Lax of o ) False 9 True e S5 Series ds gazme Yol dms O o Jadd 2016 divd CBgasall sl

# <l adl oy
baby[ 'Year']

0 1884
1 1884
2 1884

1891891 1883
1891892 1883
1891893 1883

Name: Year, Length: 1891894, dtype: int64

#2016 Al ge sl JS Al
baby[ 'Year'] == 2016

Olgid! degaza Loty Y (I ouill False

<>

<>



0 False
1 False
2 False

1891891 False
1891892 False
1891893 False
Name: Year, Length: 1891894, dtype: bool

UiSs cFalse $olud ¥ 38 13] (uSally True yeka 2016 Ssluw slawdl OF Jl> (3 2016 didly ylaww S ¢y 4yliall @5 A ylall odg

:loc. ao lg==e
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# b oY il 8 Uk b ami 1Y GhuYl sl 455 L 1oc
baby_2016 = baby.loc[baby['Year'] == 2016, :]
baby_2016
Name Sex Count Year
1850880 Emma F 19414 2016
1850881 Olivia F 19246 2016
1850882 Ava F 16237 2016
1883745 Zyahir M 5 2016
1883746 Zyel M 5 2016
1883747 Zylyn M 5 2016
32868 rows x 4 columns
Ssuall o3

:()sort_values alll ﬁ.&zlmu .Count dgec ul.c T;Lu LJ)LS ¢ lod| i3 L?m @UJ\ 5}]0;';” <2016 dLn.bT clowl Jaad U.kzj ()T EeY)

<>

sorted_2016 = baby_2016.sort_values('Count', ascending=False)
sorted_2016

Name Sex Count Year
1850880 Emma F 19414 2016
1850881 Olivia F 19246 2016
1869637 Noah M 19015 2016
1868752 Mikaelyn F 5 2016
1868751 Miette F 5 2016
1883747 Zylyn M 5 2016

32868 rows x 4 columns

Ologlae . aaiall False cauas s o)l o35 Ly B3lg True baebas sl ey Sl Ascending el 45lalll Aoyl
s ST

elowd / &usad (o Yo &ndy 08 056 SUg Toc. Jio Lolad 110c. Jon3 .DataFrame Jl oo slacd juaz Jgl sl iloc. pdsiuis (09I
05.’2.3[,\ k} LS ‘méj )—’T [Sore ) yj Boec!
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# 0 &) sl @ ) shull sy
sorted_2016.iloc[0, 0]
'Emma’

<>

# shal Guad Jl alal
sorted_2016.1iloc[0:5]


https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.sort_values.html

Name Sex Count Year

1850880 Emma F 19414 2016
1850881 Olivia F 19246 2016
1869637 Noah M 19015 2016
1869638 Liam M 18138 2016
1850882 Ava F 16237 2016

oaseloll
L &S § AW JIgs (el pusiind S Lokady <2016 ple 3 0yeit slond (o SST O Ly
Gglasll IR
CSV Cake 841,38 ()pd.read_csv
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<>

baby.groupby('Year")

<pandas.core.groupby.DataFrameGroupBy object at 0xlal4e21f60>

O e awad dls o ()agg. plasisl LiSey .DataFrameGroupBy g3 (o Object (36 W 3923 () groupby. A1 plasuiwl die
gl Sy dmdl e Jguaxl]

B 50l groz e JIgd plasuiwl U mass ()agg. 11
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# Aesanall sk ogad Ua (Sl ad)) saaly Ao lgie g dddsiac/ie saae Lieadiul S a i Jii Al gl & apeas Al
def length(series):
return len(series)


https://jakevdp.github.io/PythonDataScienceHandbook/03.08-aggregation-and-grouping.html

# A J8 8 Gial) o

baby.groupby('Year').agg(length)

Year
1880
1881
1882

2014
2015
2016

Name

2000
1935
2127

33206
33063
32868

137 rows x 3 columns

Sex

2000
1935
2127

33206
33063
32868

Count

2000
1935
2127

33206
33063
32868

QU o Uiy rand) 39801 Janunt) clen sl 6,31 Als (£ Tength el Wldye @I A1 of Ll Lasd

baby.groupby('Year').agg(len)

Year
1880
1881
1882

2014
2015
2016

Name

2000
1935
2127

33206
33063
32868

137 rows x 3 columns

Sex

2000
1935
2127

33206
33063
32868

Count

2000
1935
2127

33206
33063
32868

<>

8 BasY s pe dipae 5 S LuSley .l ol (3 0SS IS e g «DataFrame J) @ 8dasd) S e qpondl] (Buas o3

year_rows = baby[['Year', 'Count']].groupby('Year').agg(len)

year_rows

# M dee Gb op gredl 380 8 il oAl d b

#

# year_counts = baby[['Year', 'Count']].groupby('Year').count()

#
# Jie geadll dlsn oo il el culd b count, sum s mean.

Year
1880
1881
1882

2014
2015
2016

137 rows x 1 columns

Count

2000
1935
2127

33206
33063
32868

.é¢u3ﬂ|

<>

Tl Ladss WS 10c. ol gy &l o @l O3 LSy el giaal) Wy s © Indexes JUm f@j of lasy

# 1880 (o 2 4k uyde S ala
year_rows.loc[1880:2016:20,

2]

Count

<>



Year
1880
1900
1920
1940
1960
1980
2000

Count

2000
3730
10755
8961
11924
19440
29764

39a8 (yo ASh aramill

Ol eIl slawl AasB pyaiy pois (3 Jadl agae Tely g5 sl 35as (yo AST auazll LiSes (8 Bl Ayl 3lell (§ Lok LS

grouped_counts = baby.groupby(['Year', 'Sex']).sum()

grouped_counts

Year
1880

1881

2015
2016

274 rows x 1 columns

Sex

-

M
F
M

Count

90992

110491

91953

1907211
1756647
1880674

:()gr‘oubby. LRV

<>

i N 0yed S8V slowdl Gl 390 (0 AT raz O poaid . puize SN diw 5 08 90ll JAbYI fgnme oy Galedl zrapl 5581
8 UL 36 13)) s gamme S (G dasd JoT W Cond gnas A1 Ly LiSlay cCount Sgaall (e 120y L5 40 bl Of Lay L diung

# SO LY e Aie Ll La) desand) B Aed ol s oued LESY) adI)

def most_popular(series):
return series.iloc[@]

baby_pop = baby.groupby([ 'Year', 'Sex']).agg(most_popular)

baby_pop

Year

1880

1881

2015
2016

274 rows x 2 columns

Sex

-

M
E
M

Name

Mary
John
Mary

Noah
Emma

Noah

Count

7065
9655
6919

19594
19414
19015

(sl ()sort_values DI pisis c4dye

<>

33801 uad (apply (print. 48LaL ([*baby. groupby(['Year', 'Sex y3l dzd sanlin oSy bl (granl 3981 s
Bus> e B S dalizes plx>b Series de gozee U Al (baby . groupby ([ 'Year', 'Sex']).apply(print Jo8 JS
11880 i) Jlio Name« Sex« Counte Year siasl 4 e lgd Sgio5

Name

Mary

Anna

Sex
F
F

Count
7065
2604

Year
1880
1880



Name

2 Emma
1884687 Verona
1884688 Vertie
1884689 Wilma

Sex

M
M
M

Count
2003

5
5
5

Year
1880

1880
1880
1880

OLC Sy L§JJ\5 Z\;}u,mll @ ,.ba» / dosd d}i Jl;gp alluwl (-\ﬂ most_popular L@.nf)’.b Lol gé‘” duauazill AN (ﬁld.:uu' Gl Jise
Agllaall & U 0555 Sex 9 Year pagalall go lgares @i cCount 9 Name (23g0le

o0 dbgiuas a5 Toc. O ya O oy - Obginall Badsia ylaudl 3 oww laud) ouns (o ST gy 3905 30 ASh ezt of 12>y
By dogd e Y Jhaudl el Tuples Casaw £o5

baby_pop.loc[(2000, 'F'), 'Name']

'Emily"’
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11add a8 s D11 0Y ¢ galud! JUnlb Wlad WS Tuples Cgiue d3gimmn 193 a3 Jluyy) LiSes ciloc. plisuind ¢Sy

# 22l a5 15 n 10 0o b
baby_pop.iloc[10:15, :]

Year Sex
1885 F
M
1886 F
M
1887 F

Name

Mary
John
Mary
John
Mary

Count

9128
8756
9889
9026
9888
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ST Sy bl W yglas gisS bl Juiadd Pivot Tables dyygoall dglazdl plazciusl JuadVl (ad (paagale e Teliy blud! oo 13)
& :()pd.pivot_table Dl pussius dygoeall Jolizdl clid L5009

pd.pivot_table(baby,

index="'Year', # bl il /o) e
columns="'Sex", # 522y
values="'Name', # saacyl Jils il

aggfunc=most_popular) # gweaill il

Sex
Year
1880
1881
1882

2014
2015
2016

Mary
Mary
Mary

Emma
Emma

Emma

M

John
John
John

Noah
Noah
Noah

137 rows x 2 columns
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8 O (o Yo i G doanidia el e O AasMe LiSew () groupby . ANl Leldseiw! odic baby_pop &y Lghylad

:Index dw,gao
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https://jakevdp.github.io/PythonDataScienceHandbook/03.09-pivot-tables.html

baby_pop

Name Count

Year Sex
1880 F Mary 7065
M John 9655
1881 F Mary 6919
2015 M Noah 19594
2016 F Emma 19414
M Noah 19015

274 rows x 2 columns

oasloll
S &S 3 A gl s (S Ualais s 8 3 i S 050 clouedl ST 030 L)
Aol i
x| (f.groupby(label
Sg0s O»‘ﬁ57¢¢maj ([df.groupby([labell, label2
syl e Jlgdl plaseinly arezd! (df.groupby(label).agg(func
dygmall Jglddl ()pd.pivot_table
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W Jlgadl e 630l 1 (§ i
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baby = pd.read_csv('babynames.csv')
baby.head()
# A head() <llull & shal Geed Jof W ek

Name Sex Count Year
0 Mary F 9217 1884
1 Anna F 3860 1884
2 Emma F 2587 1884
3 Elizabeth F 2549 1884
4 Minnie F 2243 1884

AUSinad l3rl dodos
AU lglasdl J] el pundinn - Q! gyl U pusiiun oS0 (gaitl) 0,88 B, Uz g3
el 8 g By 3Tl @
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By 3y e S ) oy
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(o)l ez e Al oda 3udaly g Juiiud (@1 ¢()apply. s e 5I6b § Series wle gazall S 5i5
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names = baby[ 'Name']
names.apply(len)



0 4
1 4
2 4
1891891 5
1891892 6
1891893 8

Name: Name, Length: 1891894, dtype: int64

ally éydaj (mf\ names _axie ‘:g ¢ lod| 29 ’3151 é_g).b O e gozxall ‘3 (:\...ul K d}b bbq)‘! ()apply. g',JSJl f’.\}'{w‘ (@l JGaJ! ‘3
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def last_letter(string):
return string[-1]

names.apply(last_letter)

0 y
1 a
2 a
1891891 a
1891892 e
1891893 p

Name: Name, Length: 1891894, dtype: object

uo},a.ﬂl & L‘Lol:d.ll o C)LA).LI.&JI %) J:)_).AJ .uaJJl L} d)> )’T L?AS ‘é’Jb [string[-1 M‘ last_letter dls @ HAS&J\ fA:d.wT
L g L
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names = baby[ ‘Name']
names.str.len()

[ 4
a 4
2 4
1891891 5
1891892 6
1891893 8

Name: Name, Length: 1891894, dtype: int64

1AWl A el sl S pe Gy y3T GL;%J4»iUJS;95

<>

names.str[-1]

) y
1 a
2 a
1891891 a
1891892 e
1891893 p

Name: Name, Length: 1891894, dtype: object

i bl Gy 08 506 § oot dlss o dosall 3618 S


https://www.tutorialspoint.com/python/python_strings.htm
https://realpython.com/python-strings/
https://pandas.pydata.org/pandas-docs/stable/text.html
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baby[ 'Last'] = names.str[-1]
baby
Name Sex Count Year Last
0 Mary F 9217 1884 y
1 Anna F 3860 1884 a
2 Emma F 2587 1884 a
1891891 Verna M 1883 a
1891892 Winnie M 1883 e
1891893 Winthrop M 1883 p
1891894 rows x 5 columns
el

:Sex 9 Last Qﬁ.}yhj\ &A}J CLX;U ‘df J>T OLC T;Lu u«.'\;,dl t))}? 3[:;3);’
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# 0e Y 5yaite A3k Lendiul: baby.groupby ([ 'Last', 'Sex']).agg(np.sum)

baby.groupby ([ 'Last', 'Sex']).sum()

Last Sex
a F
M

b F
) M
F

M

52 rows x 2 columns

Count

58079486
1931630
17376

18569388
142023
9649274

Year

915565667
53566324
1092953

114394474
4268028
19015

G el s LuSley Aanell 0da Joxs () groupby . gl A1 8,005 o3 Y 3g0s ST oz o Y il 3908 gaz o5 4 Lasd

#oldl B leres liSe d@lgh Sl oS e ()0
# Juaiie phu 4 A S dasiy,
letter_dist = (
baby[['Last', ‘Sex', 'Count']]
.groupby([‘Last', 'Sex'])
.sum()

)
letter_dist

Last

52 rows x 1 columns

2@&7_:2]] EARY) LAXJAS 8 gelusuiwl ey

<>

Count
Sex

F 58079486
M 1931630
F 17376
M 18569388
F 142023
M 9649274
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# sl adid figsize Sl sl aas sl
letter_dist.plot.barh(figsize=(10, 10))

<matplotlib.axes._subplots.AxesSubplot at ©x1al7af4780>
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letter_pivot = pd.pivot_table(
baby, index='Last', columns='Sex', values='Count', aggfunc='sum'
)

letter_pivot

Sex F M
Last
a 58079486 1931630
b 17376 1435939
c 30262 1672407
X 37381 644092
y 24877638 18569388
z 142023 120123

26 rows x 2 columns

O}S_J dJd> Index L;w).é.zl\ ‘0.§JJ| cLéJ ua.,a:'u;.” .)}A:Jl Ul.c |E\29 :4&55 LS .)..\::“J dalisee Ol pkie & pivot_table L g_,\SSJ‘ flA:'d..w\
[x31s cvalues asxedl 513 Count dgas ) BdasYl U315 0l sus . peanianll Py s 8uasYl 3d> cLast Wdy> ,5T dgas
Lo g Lo Juatidl (po doje . Sum goldseiwl &y (@l arazmdll Al dud U9 aggfunc
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letter_pivot.plot.barh(figsize=(10, 10))

<matplotlib.axes._subplots.AxesSubplot at ©x1al7c¢36978>


https://pandas.pydata.org/pandas-docs/stable/visualization.html
https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.pivot_table.html
https://pbpython.com/pandas-pivot-table-explained.html
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# o piie b leleay a IS EUYI, KA o peny Us il W8 Ctotal for_each_letter”
total_for_each_letter = letter_pivot['F'] + letter_pivot['M']
# cn K g (o i S dedy B La
letter_pivot['F prop'] = letter_pivot['F'] / total_for_each_letter
letter_pivot['M prop'] = letter_pivot['M'] / total_for_each_letter
letter_pivot
Sex F M F prop M prop
Last
a 58079486 1931630 0.967812 0.032188
b 17376 1435939 0.011956 0.988044
c 30262 1672407 0.017773 0.982227
X 37381 644092 0.054853 0.945147
\ 24877638 18569388 0.572597 0.427403
z 142023 120123 0.541771 0.458229
26 rows x 4 columns
<>

(letter_pivot[['F prop', 'M prop']] i
.sort_values('M prop') # _sS dud cues WG i 3
.plot.barh(figsize=(10, 10))

)

<matplotlib.axes._subplots.AxesSubplot at ©x1al18194b70>
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babies_small = pd.read_csv('babies23.data', delimiter="\s+')[['wt', 'race’, 'ed']]
babies_small

wt race ed
0 120 8 5
1 113 0 5
2 128 0
1233 130 1
1234 125
1235 117

1236 rows x 3 columns
iee e e Sgiz dgae IS OF g intea godl cod Wills § .Sl gsill oo Lolus 92 DataFrame Jl 1ia § 3g0e S

<>

babies_small.dtypes

wt inte4
race inte4
ed inte4

dtype: object

LU gl ] Bagall Lasls Lpke Gz clipd ULl E153T 048] 88 ddlam] UL 8uasl 0dn ao Joall Loggie 0550 o 9
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1= g AT o - 12 Gl Ll g,
2= 45l A A
3= 4xige + 4l
4= dmas 4 450
5= axds dn A
687= 4ds ma nb Adige 45l
9= iy ne
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https://ar.wikipedia.org/wiki/%D9%85%D9%82%D9%8A%D8%A7%D8%B3_%D9%84%D9%8A%D9%83%D8%B1%D8%AA
https://towardsdatascience.com/data-types-in-statistics-347e152e8bee
http://scaryscientist.blogspot.com/2015/02/classification-of-data-types.html
https://measuringu.com/data-types/
https://alioh.github.io/ds-100-ar/files/chapter4/babies23.data
https://www.tutorialspoint.com/What-is-Data-Dictionary
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babies_small[ ‘ed'].mean()

2.9215210355987056
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babies = pd.read_csv('babies.data’, delimiter="\s+")
babies

bwt gestation parity age height weight smoke

0 120 284 0 27 62 100 0
1 113 282 0 53] 64 135 0
2 128 279 0 28 64 115 1
1233 130 291 0 30 65 150 1
1234 125 281 1 21 65 110
1235 117 297 0 38 65 129

1236 rows x 7 columns
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http://www.chdstudies.org/about_us/index.php
https://www.stat.berkeley.edu/users/statlabs/
https://alioh.github.io/ds-100-ar/files/chapter4/babies.data
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babies

bwt gestation parity age height weight smoke

0 120 284 0 27 62 100 0
1 113 282 0 33 64 135 0
2 128 279 0 28 64 115 1
1233 130 291 0 30 65 150 1
1234 125 281 1 21 65 110
1235 117 297 0 38 65 129

1236 rows x 7 columns
izl @l H,SS @ilye sae U yglas 2l series.value_counts() dls plusinl LiSes cage yondl 3506 @8 (18 dasw domod 35U
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# ool o 38 Qe 2oy s el (a3
babies['age'].value_counts()

23 93
26 90
24 86
45 1
44 1
13 a

Name: age, Length: 31, dtype: int64
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from IPython.display import display
# S hal s Gaad | ) 10 Uoell (Jiall 1 3
# o) ) ) M el S 610 A s

with pd.option_context('display.max_rows', 10):
display(babies['age'].value_counts())

23 93
26 90
24 86
27 85
22 79
42 4
99 2
45 a
44 a
15 1

Name: age, Length: 31, dtype: int64
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scores = pd.read_csv('SFRestaurants.csv')
scores
business_name inspection_score violation_description risk_category
0 All stars Donuts 86 Unclean or degr;'n.jed floors walls Low Risk
or ceilings
1 Soo Fong Restaurant 92 BT G905 [ Gl o Low Risk
... properly stored or
2 Dar Bar Pak|§tan|/lnd|an 86 Moderate risk vermin infestation Mod.erate
Cusine Risk
52795 USA Power Market 71 Unclean hands or improper use High Risk
of gloves
52796 Thai Cottage Restaurant 31 Inadequate and.lnacce.s.5|b|e Mod.erate
...handwashing facili Risk
St Mary’s . .
Inad te and bl Moderat
52797 Cathedral/Convention 90 nadequate an .|nacce.s.5| € ° .era €
...handwashing facili Risk
Center
52798 rows x 4 columns
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with pd.option_context('display.max_rows', 14):
display(scores['violation_description'].value_counts())
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https://data.sfgov.org/Health-and-Social-Services/Restaurant-Scores-LIVES-Standard/pyih-qa8i
https://alioh.github.io/ds-100-ar/files/chapter4/SFRestaurants.csv

Unclean or degraded floors walls or ceilings 3668

Unapproved or unmaintained equipment or utensils 2704
Inadequate and inaccessible handwashing facilities 2653
Moderate risk food holding temperature 2588
Inadequately cleaned or sanitized food contact surfaces 2467
Wiping cloths not clean or properly stored or inadequate sanitizer 2121
Foods not protected from contamination 1929

Discharge from employee nose mouth or eye 6
Noncompliance with Gulf Coast oyster regulation 3
Mobile food facility stored in unapproved location 4
Mobile food facility with unapproved operating conditions 3
Unreported or unrestricted ill employee with communicable disease 1
Noncompliance with Cottage Food Operation 1
Mobile food facility HCD insignia unavailable 1
Name: violation_description, Length: 67, dtype: inté64
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scores[ 'risk_category'].value_counts()

Low Risk 19694
Moderate Risk 14712
High Risk 5686

Name: risk_category, dtype: int64

Sganll (3 8397 gall @il o dard S lalall (56 (33,1 (56 Lagd (o Bl LiSay Aol Byghas 7,45 @udll 0 OF g OF (S
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def risk_counts(risk):
return (scores.loc[scores['risk_category'] == risk,
‘violation_description']
.value_counts().head())
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risk_counts('High Risk")
High risk food holding temperature 1619
Unclean or unsanitary food contact surfaces 1197
Improper cooling methods 823
Unclean hands or improper use of gloves /55
High risk vermin infestation 712
Name: violation_description, dtype: int64
<>

risk_counts(‘Moderate Risk"')

Inadequate and inaccessible handwashing facilities 2653
Moderate risk food holding temperature 2588
Inadequately cleaned or sanitized food contact surfaces 2467
Foods not protected from contamination 1929
Moderate risk vermin infestation 1814

Name: violation_description, dtype: inté64


https://alioh.github.io/ds-100-ar/chapter3/
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risk_counts(‘Low Risk"')

Unclean or degraded floors walls or ceilings 3668
Unapproved or unmaintained equipment or utensils 2704
Wiping cloths not clean or properly stored or inadequate sanitizer 2121
Improper food storage 1817
Unclean nonfood contact surfaces 1440

Name: violation_description, dtype: int64

oo AT ol lguad Adlai>| High Risk Ayl e bl Ll 8yglasdl &2 au dondte laliall #1957 OF 2> g K
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BESINURIEY[PON] string business_name
100 J! 0 oo doud ¢yl doxdls number inspection_score
Ol dxly law Ciuog string violation_description
(Low Risk < Moderate Risk < High Risk) daJlxall 8)glas 42> string risk_category
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https://data.cityofberkeley.info/Public-Safety/Berkeley-PD-Calls-for-Service/k2nh-s5h5
https://data.cityofberkeley.info/Public-Safety/Berkeley-PD-Stop-Data/6e9j-pj9p
https://alioh.github.io/ds-100-ar/files/chapter5/Berkeley_PD_-_Calls_for_Service.csv
https://alioh.github.io/ds-100-ar/files/chapter5/stops.json

iolall e ASTOloglan (oya) 1h- ae 1s o9l pdsciuivs
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I1s -1h data/

total 13936

-rw-r--r--@ 1 sam staff 979K Aug 29 14:41 Berkeley PD_-_Calls_for_Service.csv
-rw-r--r--@ 1 sam staff 81B Aug 29 14:28 cvdow.csv

-rw-r--r--@ 1 sam staff 5.8M Aug 29 14:41 stops.json
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# oY Cwe cale JS 3 bl se jela,
# ale o) B o) (S Cstops.json’ ke (29852) s e ssiag.
lwe -1 data/*
16497 data/Berkeley_PD_-_Calls_for_Service.csv
8 data/cvdow.csv
29852 data/stops.json
46357 total
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lhead data/Berkeley PD_-_Calls_for_Service.csv

CASENO, OFFENSE, EVENTDT, EVENTTM, CVLEGEND, CVDOW, InDbDate,Block_Location, BLKADDR,City,State
17091420,BURGLARY AUT0,07/23/2017 12:00:00 AM,06:00,BURGLARY - VEHICLE,0,08/29/2017 ©8:28:05 AM,"2500 LE
Berkeley, CA

(37.876965, -122.260544)",2500 LE CONTE AVE,Berkeley,CA

17020462, THEFT FROM PERSON,04/13/2017 12:00:00 AM,08:45,LARCENY,4,08/29/2017 08:28:00 AM, "2200 SHATTUCK A
Berkeley, CA

(37.869363, -122.268028)",2200 SHATTUCK AVE,Berkeley,CA

17050275, BURGLARY AUTO,08/24/2017 12:00:00 AM,18:30,BURGLARY - VEHICLE,4,08/29/2017 08:28:06 AM,"200 UNIV



Berkeley, CA
(37.865491, -122.310065)",200 UNIVERSITY AVE,Berkeley,CA
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import pandas as pd
calls = pd.read_csv('data/Berkeley PD_-_Calls_for_Service.csv')
calls
FFENSE EVENTDT EVENTTM Block_Location BLKADDR City State
LE CONTE 2500
IRGLARY 071/223628;7 06:00 AVE\nBerkeley, LE 2500 Berkele CA
AUTO M ’ ,CA\n(37.876965 CONTE AVE ¥
[ 12:00:00 08:45 ! SHATTUCK Berkeley CA
ERSON AM ,CA\n(37._869363 AVE
12:00:00 18:30 ! UNIVERSITY Berkeley CA
AUTO AM ,CA\n(37.865491 AVE
FAIRVIEW 1600 1600
. 04/01/2017 . ST\nBerkeley,
URBANCE 12:00:00 12:22 CA\n(37.850001, FAIRS\_/rIEW Berkeley CA
1
DELAWARE 2000 2000
{FT MISD. 04/01/2017 ST\nBerkeley,
12: - ! DELAWARE Berkel A
IDER $950 12:00:00 00 CA\n(37.874489, o erkeley €
1
2400
EXUAL 08/22/2017 TELEGRAPH 2400
SSAULT 12:00:00 20:02 AVE\nBerkeley, TELEGRAPH Berkeley CA
.MISD AM ,CA\n(37.866761 AVE

5508 rows x 11 columns
(bl o sl bl pgas Al LS LuSay
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import numpy as np

import matplotlib.pyplot as plt

import pandas as pd

import seaborn as sns

%matplotlib inline

import ipywidgets as widgets

from ipywidgets import interact, interactive, fixed, interact_manual

def df_interact(df):
def peek(row=0, col=0):
return df.iloc[row:row + 5, col:col + 6]
interact(peek, row=(@, len(df), 5), col=(®, len(df.columns) - 6))
print('({} rows, {} columns) total'.format(df.shape[@], df.shape[1]))

df_interact(calls)
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row 0

col L 0
CASENOC OFFENSE EVENTDT EVENTTM CVLEGEND CVDOW
0 17091420 BURGLARY AUTO  07/23/2017 12:00:00 AM 05:00 BURGLARY - VEHICLE ]
1 17020462 THEFT FROM PERSON 04132017 12:00:00 AM 08:45 LARCENY 4
2 17050275 BURGLARY AUTO  08/24/2017 12:00:00 AM 18:30 BURGLARY - VEHICLE 4
3 17019145 GUNWEAPON  04/0672017 12.00:00 AM 17:30 WEAPONS OFFENSE 4
4 17044093 VEHICLE STOLEN 080172017 12:00:00 AM 18:00 MOTOR VEHICLE THEFT 2

(5508 rows, 11 columns) total
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#oodgie oaaly dad o JBY) o ggind )l W ki
null_rows = calls.isnull().any(axis=1)
calls[null_rows]
OFFENSE EVENTDT EVENTTM Block_Location BLKADDR City State
03/16/2017 Berkeley,
B L
U:STSRY 12:00:00 22:00 CA\n(37.869058, NaN Berkeley CA
AM (-122.270455
07/20/2017 Berkeley,
BU:S#SRY 12:00:00 16:00 CA\n(37.869058, NaN Berkeley CA
AM (-122.270455
VEHICLE 04/22/2017 Berkeley,
STOLEN 12:00:00 21:00 CA\n(37.869058, NaN Berkeley CA
AM (-122.270455
07/01/2017 Berkeley,
VANDALISM 12:00:00 08:00 CA\n(37.869058, NaN Berkeley CA

(-122.270455


https://github.com/Quartz/bad-data-guide

OFFENSE EVENTDT EVENTTM Block_Location BLKADDR City State

06/30/2017 Berkeley,
R?ELSJIFI{)(EII-\I’L}I'TZL 12:00:00 15:00 CA\n(37.869058, NaN Berkeley CA
AM (-122.270455
08/15/2017 Berkeley,
VANDALISM 12:00:00 23:30 CA\n(37.869058, NaN Berkeley CA
AM (-122.270455

27 rows x 11 columns
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# bl g Jsl led
calls.head(7)
“FENSE EVENTDT EVENTTM Block_Location BLKADDR City State
LE CONTE 2500
7/23/2017
RGLARY ° 1/23(/)80 06:00 AVE\nBerkeley, LE 2500 Berkele cA
AUTO 'AM' ’ ,CA\n(37.876965 CONTE AVE 4
frrom  0Y/12017 Wewserkeley, 2290
12:00:00 08:45 ! SHATTUCK Berkeley CA
ERSON AM ,CA\n(37._869363 AVE
wowary  08/24/2007 Wewerkeley, 20
12:00:00 18:30 ! UNIVERSITY Berkeley CA
AUTO M ,CA\n(37.865491 AVE
SEVENTH 1900 1900
04/06/2017 ST\nBerkeley,
/ : !
WEAPON 0:00 17:30 CA\n(37.860318, SEVENTH Berkeley CA
ST
m12
PARKSIDE 100 100
EHICLE 08/01/2017 . DR\nBerkeley,
TOLEN 0:00 18:00 CA\n(37.854247, PARKSIDE Berkeley CA
DR
-12
PRINCE 1500
RGLARY 061/22%2837 12:00 ST\nBerkeley, 1500 Berkele CA
IDENTIAL e ’ CA\n(37.851503, PRINCE ST ¥
AM
.-122
05/30/2017 MENLO 300
\RD(EII-\IATTZL 12:00:00 08:45 PL\nBerkeley, MENIF;? 300 Berkeley CA
AM CA\n

<4

7 rows x 11 columns
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def combine_event_datetimes(calls):
combined = pd.to_datetime(
#ooa J e il q )l pes
calls['EVENTDT'].str[:10] + ' ' + calls['EVENTTM'],
infer_datetime_format=True,

)
return calls.assign(EVENTDTTM=combined)

# J e daad)l J8 il a »l DataFrame
calls.pipe(combine_event_datetimes).head(2)


https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.pipe.html

OFFENSE EVENTDT EVENTTM BLKADDR City State EVENTDTTM

07/23/2017 LE 2500
BU:S.::SRY 12:00:00 06:00 CONTE Berkeley CA 2%{303628;7
AM AVE o
THEFT 04/13/2017 2200
2017-04-1
FROM 12:00:00 08:45 SHATTUCK Berkeley CA 88'42'003
PERSON AM AVE T

2 rows x 12 columns
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calls['OFFENSE'].unique()

array ([ 'BURGLARY AUTO', 'THEFT FROM PERSON', 'GUN/WEAPON',
'VEHICLE STOLEN', 'BURGLARY RESIDENTIAL', 'VANDALISM',
'DISTURBANCE', 'THEFT MISD. (UNDER $950)', 'THEFT FROM AUTO',
'DOMESTIC VIOLENCE', 'THEFT FELONY (OVER $950)', 'ALCOHOL OFFENSE',
'MISSING JUVENILE', 'ROBBERY', 'IDENTITY THEFT',
'ASSAULT/BATTERY MISD.', '2ND RESPONSE', 'BRANDISHING',
'MISSING ADULT', 'NARCOTICS', 'FRAUD/FORGERY',
'ASSAULT/BATTERY FEL.', 'BURGLARY COMMERCIAL', 'MUNICIPAL CODE',
'ARSON', 'SEXUAL ASSAULT FEL.', 'VEHICLE RECOVERED',
'SEXUAL ASSAULT MISD.', 'KIDNAPPING', 'VICE', 'HOMICIDE'], dtype=object)

<>
calls['CVLEGEND'].unique()

array ([ 'BURGLARY - VEHICLE', 'LARCENY', 'WEAPONS OFFENSE',
'MOTOR VEHICLE THEFT', 'BURGLARY - RESIDENTIAL', 'VANDALISM',
'DISORDERLY CONDUCT', 'LARCENY - FROM VEHICLE', 'FAMILY OFFENSE',
'LIQUOR LAW VIOLATION', 'MISSING PERSON', 'ROBBERY', 'FRAUD',
'ASSAULT', 'NOISE VIOLATION', 'DRUG VIOLATION',
'BURGLARY - COMMERCIAL', 'ALL OTHER OFFENSES', 'ARSON', 'SEX CRIME',
'RECOVERED VEHICLE', 'KIDNAPPING', 'HOMICIDE'], dtype=object)

Obgandl e @3 g plall Zliss o e (K ezl gl gug ded S of by
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calls[ 'BLKADDR'][[@, 5601]]
0 2500 LE CONTE AVE
5001 ALLSTON WAY & FIFTH ST
Name: BLKADDR, dtype: object
DAP.'T C)Lw&.’

Jshall Jas 4asd uad) zlizes . 2yally Jglall las lgiall o e Stz Block_Location Sgeadl .03 Juloill S0l @bLA| 9as
ozl Jguud 2y2llg
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def split_lat_lon(calls):
return calls.join(
calls['Block_Location']



# oasally okl ba bl ) gall e cllay) e Jgaall)
.str.split('\n').str[2]

# oall 0o ol SV Cada

.str[1:-1]

# Oasee ) ey Jshll ba ad Jad

.str.split(', ', expand=True)
.rename(columns={0@: 'Latitude', 1: 'Longitude'})

)

calls.pipe(split_lat_lon).head(2)

OFFENSE EVENTDT EVENTTM CVDOW ... City State
07/23/2017
3URGLARY
URG 12:00:00 6:00 0 Berkeley CA
AUTO
AM
THEFT 04/13/2017
FROM 12:00:00 8:45 0 Berkeley CA
PERSON AM

<

2 rows x 13 columns

Latitude Longitude

37.876965 122.260544-

37.869363 122.268028-

0aS padls ol 08y e Calall gz s 03rg25 03 S cvdow. csv Calell pasciun cpgdl Gas gs CVDOW Sgasdl § 03y S dasys 3

day_of_week = pd.read_csv('data/cvdow.csv"')
day_of_week

cvDOW Day

0 0 Sunday

1 1 Monday
2 2 Tuesday

3 3 Wednesday
4 4 Thursday
5 5 Friday

6 6 Saturday

def match_weekday(calls):
return calls.merge(day_of_week, on='CVDOW')

calls.pipe(match_weekday).head(2)

10 OFFENSE EVENTDT EVENTTM BLKADDR
120 BURGLARY 01/22362837 6:00 LE 2500
AUTO e ’ CONTE AVE
AM

BOWDITCH

BURGLARY 07/02/2017 . STREET &

& AUTO 0:00 22:00 CHANNING

WAY

2 rows x 12 columns

def drop_unneeded_cols(calls):

S

cvdow.csv ikl Juas

<>

1023 ] CVDOW 3geall Loz by p g

<>
City State Day
Berkeley CA Sunday
Berkeley CA Sunday

ez bizs Y @l SdeeYl Blorine
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return calls.drop(columns=['CVDOW', 'InDbDate', 'Block_Location', 'City’,

‘State', 'EVENTDT', 'EVENTTM'])

[ wpipe plascial bl s Gl Lldye 1 dlgll gazr Gerdas o535 031


https://alioh.github.io/ds-100-ar/files/chapter5/cvdow.csv
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.pipe.html

<>

calls_final = (calls.pipe(combine_event_datetimes)
.pipe(split_lat_lon)
.pipe(match_weekday)
.pipe(drop_unneeded_cols))
df_interact(calls_final)

s Gelas Jodar W sl dislud! ddydall uasy

row ]

col 0
CASENO OFFENSE CVLEGEND BLKADDR EVENTDTTM  Latitude
0 17091420 BURGLARY AUTO BURGLARY - VEHICLE 2500 LE CONTEAVE 2017-07-23 06:00:00 37876965
1 17038302 BURGLARY AUTO  BURGLARY - VEHICLE BOWDITCH STREET & CHANNING WAY  2017-07-02 22:00.00 37.867209
2 17049346 THEFT MISD. (UNDER $950) LARCENY 2900 CHANNING WAY  2017-08-20 23:20:00 37867948
3 17091319 THEFT MISD. (UNDER $950) LARCENY 2100 RUSSELL ST  2017-07-09 04:15:00 37.856719
4 17044238 DISTURBANCE DISORDERLY CONDUCT  TELEGRAPH AVENUE & DURANT AVE  2017-07-30 01:16:00 37.867816

(5508 rows, 8 columns) total
ol by cadaiiy £ 9w ﬂJtdlg}aJ|g§.Lkl>gﬂ Byl Wl Sall wlls oI

<>

calls_final.to_csv('data/calls.csv', index=False)

SBLLYI ULy Cadais
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<>
'head data/stops.json
{
"meta" : {
“"view" : {
"id" : "6e9j-pjop",
"name" : "Berkeley PD - Stop Data",
"attribution" : "Berkeley Police Department”,
"averageRating" : @,
“category" : "Public Safety",
"createdAt" : 1444171604,
"description" : "This data was extracted from the Department’s Public Safety Server and covers the

@USEJI 10,5 (JSON (JavaScript Object Notation ggidl (e wlile e (i caledl .CSV goidl (o ud ool Ol baply i LS
Ule Jgud 09l 3 JSON 4aSe .Dictionary el (e d3giume 3 e ULl lgd Ladssd plasoudl 858 dlnyb ' caySas Bl Jlostusl
‘Elgauanl e podl i 5s1y3

Values ‘a:\éj Keys @La.n e Ve W adl é Dictionary &l sasadll o0 &94-” S T @

<>
import json

# oS aesa S 13 Slall 580 gues dllgi 8 Gl o) 4l
# Gl Jesd U8 anall (e L

with open('data/stops.json') as f:
stops_dict = json.load(f)


https://alioh.github.io/ds-100-ar/files/chapter5/stops.json
https://docs.python.org/3/library/json.html
https://alioh.github.io/ds-100-ar/chapter3/

stops_dict.keys()

dict_keys(['meta', 'data'])

e 0yl slalY a8 gisanll Sgime groxr Ao sl inatall ¢ Jan s Y (§ stops_dict Wgimacdl 3 milaall Jadd byglol Wl Ja>
lgizs (o paany deldog (ad J] Agauanll Jugoed LSy Sl UL o> o minaiall Jalaaty s Ol 09s Wil

<>
from pprint import pformat

def print_dict(dictionary, num_chars=1000):
print(pformat(dictionary)[ :num_chars])

print_dict(stops_dict['meta’'])

Lol s (@1 3ol sue + ddgiuandl DI Jaitud (A gammall (Sgine delidal Als Ln CIBII Cye

{'view': {'attribution': 'Berkeley Police Department',
‘averageRating': o,
‘category': 'Public Safety',
‘columns': [{'dataTypeName': 'meta_data’',

‘fieldName': ':sid',

‘flags': ['hidden'],

‘format': {},

tid': -1,

‘name': 'sid',

‘position': O,

‘renderTypeName': ‘'meta_data'},
{'dataTypeName': 'meta_data',

‘fieldName': ':id"',

‘flags': ['hidden'],

‘format': {},

“idte -1,

‘name': 'id',

‘position': O,

‘renderTypeName': ‘'meta_data'},
{'dataTypeName': 'meta_data',

‘fieldName': ':position’,

‘flags': ['hidden'],

‘format': {},

<>

print_dict(stops_dict['data'], num_chars=300)

[,
'29A1B912-A0QA9-4431-ADC9-FB375809C32E",
1,
1444146408,

'932858",

1444146408,

'932858",

None,

'2015-00004825" ,
'2015-01-26T00:10:00",

'SAN PABLO AVE / MARIN AVE',
T

m

None,

None],
[2,
'1644D161-1113-4CAF-BB2E-BF780E7AE73E",
2,
1444146408,

'932858",
14

doglaall oda plusiinl WSy . ULl e (Sgio "data’ zliaally Baesly bl Ciuog e Soize meta’ s O 1a>Ms oof oS
:DataFrame JI sLasy

<>

# o SLLd Gess JSON

# 50V dpas &

stops = pd.DataFrame(
stops_dict['data’],

FAalimne T AT tnamall Lan -~ dn ctane Admt T lmatatTT 0,




LULUIIS= | L H@me | 11Ul L 4l DLUPD_ULLL] mEld | VAEW [ LULummis | )

stops

d position created_at LEEL Dispositions Location - Latitude LocaFlon A
Type Longitude

B912-
-4431-
Co-
09C32E

D161-
4CAF-
PES
7AE73E

ABAB-
488D-
5F-
505872

1 1444146408 T M None None

2 1444146408 T M None None

3 1444146408 T M None None

06ED-
-4B0B-
9B-
A4A9F34B

F18D-
441D-
09-
DACA7A

D2A4-

?:_E% 31081 1496269085 1194 ;AR 37.86720754 122.2565294-

9DF838

<4

31079 1496269085 T ;BM2TWN None None

31080 1496269085 T ;HMATCS 37.8698757 122.2865508-

29208 rows x 15 columns

<>
# 52 clawl delb
stops.columns

Index(['sid', 'id', 'position', ‘created_at', 'created_meta', 'updated_at',
‘updated_meta', 'meta’, 'Incident Number', 'Call Date/Time', 'Location’,
'Incident Type', 'Dispositions', 'Location - Latitude',

'Location - Longitude'],
dtype="object")

BlasYl e AW Wleglasdl e dis DL Je > Ul aBgall Sgimm

Sgeal| ogll godl
Incident - e a3 113 e e .
Number (CAD) GAL)J.) daulg L}La.bbgaup%ll [BV-Y Jfly‘e.x‘w\;;d\ > o
D\
call Y - dallsall g9 <
Date/Time L 9 & |
<99
Location Syl - dallseal) pladl Olgiall o
Incident Al b e Bl Byl (any (T) By=)l L (CAD) Aalgy LSlegial oud g5 o dddlinoll g3
Type (1194B) 30,0b dxls Blay] (1194) & 5a) Bline Bla) .(1196) 2 W 30y dB gadino B)luws Bli]

B (Ssuwl) A WIS 529 ¢ Byl g > Jol i AL A0 3 589a)l (e loglaag b s
I Byl L (5S3) M (S) F il g QU C3dl . (panl) W (53T) O (Glel) H (3941)
01, (40 0 sST) 4,(39-30 ) 3 (29-18 ) 2 (18 oo J31) 11 JWE 529 sand) o g
Dispositions Syl (gllae) W (g e z1,8]) K (0lil) R (90 Sil) T (34255) | il g2 ) o
Syl L (OIS W (5,31) O (aallses) € (Jazel) A i g8sall e diadald o5 Lo (g sl
(a5 5 (5,3 Slaglan (ol 0 o) N (el 03) S :B)leadl & omdl 0313] gy el
e oy o)) Jadd JUiiel )85 - AR .daid Cilgdl gyl (e S - Mg Al 085 - Pilgie
(S oS - MIH . palial &3l 13,85 - CO libre A3lay - FC 883l 1,85 - IN - (&uadll 85
wolal ez o ASY CaBsl bl — 00000 510 .8)92xx0 Byl - TOW - Jle

Lf:gfu‘:j'; 2017 iz 3 ilisl el 65 1o doglaoll odo daSall aBgel plall yiyall Jas od)
Location - e e R AP . K R
Longitude 2017 iz 3 ilisb e adl 65 1ok doglasll o daSall Bgel plall yiyall las od)



(eige L) metadata duueg Oble Je Sgiod el 0dd (055 .stops Jodad Buasl dsld JoY Ciuog e Sy Y adgall of 1asd
iJguadl (e BtecYl slda Lliony pginn . Jloddl gl § Lghilony

<>
columns_to_drop = ['sid', 'id', 'position', 'created_at', 'created_meta‘,
‘updated_at', 'updated_meta', 'meta’']
# Jiis 4l 232 DataFrame
# Lo e dl e saee Yl Cidsy o
#o4d % Gas @Y il 8 saeY) o Jaus columns_to_drop
def drop_unneeded_cols(stops):
return stops.drop(columns=columns_to_drop)
stops = stops.pipe(drop_unneeded_cols)
stops
T g Call Date/Time Location T e Dispositions Location - Latitude Locat.:lon -
Number Type Longitude
2015- 2015-01- SA'\IA\/PEAsLo T M None None
00004825 26T00:10:00 MARIN AVE
SAN PABLO
2015- 2015-01- AVE /
00004829 26T00:50:00 CHANNING T M None None
WAY
2015- 2015-01- UNIX\;I?;ITY T M None None
00004831 26T01:03:00 NINTH ST
2017- 2017-04- UNIVERSITY
;BM2
00024245  30T22:59:26  AVE/6THST T iBMZTWN None None
UNIVERSITY
2017- 2017-04-
00024250 30T23:19:27 AVE /51\—NEST T ;HMATCS 37.8698757 122.2865508-
CHANNING
2017- 2017-04- WAY / .
00024254 30723:38:34 BOWDITCH 1194 AR 3786720754 122.2565294
ST

29208 rows x 7 columns
AW s e Cpsmins ol bly @ LS
Songhde Olly u>gs Jo @

§(Jge7me ft) Iolue 12:00 9 Jggme son) 999 o3y LS e ) Flgiieal o3 0398k Wik &l uzgd Jo o
Somdids polil dlawlgy cdsol WBLA! (e s3> g @

¢ bagdae Wlle uags J&

e & a3 sl 3 Ol ganll O LS3 bl Gaos (§ -pyalls Jolall Jas $3gae (§ B3gaiall bl o i)l s Ol 553 of Sy

:2017
<>
# oodgihe Baaly daad o JBY) o ggind )l W el
null_rows = stops.isnull().any(axis=1)
stops[null_rows]
Incident . . Incident . L Location - Location -
Number Call Date/Time Location Type Dispositions iy (e
0 2015 2015-01- SA’:\;)EA?LO T M None None
00004825 26T00:10:00 MARIN AVE
SAN PABLO
2015- 2015-01- AVE /
! 00004829 26T00:50:00 CHANNING T M None None
WAY
5 2015- 2015-01- UNR/\;EER?ITY T M N N
00004831 26T01:03:00 one one

NINTH ST



Incident Incident Location - Location -

Il Date/Ti Locati Dispositi
Number L ER ocation Type Ispositions Latitude Longitude
M L2180
2017- 2017-04-
29078 00023764 2OT01-59.36 KING JR 1194 -BMAIWN None None
WAY
2017- 2017-04- ,
29180 00074152 SoT1a5a93 6TH/UNI 1194 M None None
2017- 2017-04- UNIVERSITY
29205 00024245 307T22:59:26 AVE/6TH ST T BM2TWN None None

25067 rows x 7 columns
035880 Gbly e Ggimd O 13] Baasl &y oyo 3 OF (S
<>
# ooagiie baaly e o B o gt Al Syl W el
# oaodlls Jshll bsha gasee & bl e @l g
null_rows = stops.iloc[:, :-2].isnull().any(axis=1)

df_interact(stops[null_rows])

Gelas Jgur W sk dnludl dayylall udi

row 0
L
L
- Incident call Incident
sid id position created_at created_meta updated_at updated_meta meta MNumbsr Date/Time Location pe Dispositions g
29A18912-
SAN PABLO
AQAD-4431- 2015 201501
0o 1 meEE 1 1444146408 932858 1444146408 932858 Nove gongue 2670011000 AVE /MARIN T M
FB3TS800CIZE
SAN PABLO
v 2 e 2 1444146408 932858 1444146408 002058 None 0 BN RO ! T "
BF7S0ETAETIE WAY
5338ABAB-
2 3 1C96-4680- 3 1444146408 932858 1444146408 932858 None 2015 201501 QUVERNTY T M
BSSF- 00004831 26T01:03.00 L
BA4TACS05872
21BBCBES-
3 4 it Tty 4 1444146408 932858 1444146408 00058 None o 2005 20501 PRGOS, BMAICN
97BC- 00004848 26TO7:16.00 S :
BB26CHEF2FDB :
0D85FAG2-
1700 BLOCK
nop el 5 1444146408 932858 1444146408 932858 None o 2015 201501 gunpagio 1194 BMAICN

B409- 00004849  26TO7:43:00 AVE
32702510012

(63 rows, 7 columns) total
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stops['Location'].value_counts()

2200 BLOCK SHATTUCK AVE 229
37.8693028530001~-122.272234021 213
UNIVERSITY AVE / SAN PABLO AVE 202



VALLEY ST / DWIGHT WAY 1
COLLEGE AVE / SIXTY-THIRD ST 1
GRIZZLY PEAK BLVD / MARIN AVE 1
Name: Location, Length: 6393, dtype: int64

Aols Bble W) ) Cawdl (253019 Jhall bglas JUs-a] 63 6,31 cilyeg ccnlabolinll o S Olgiadl o] @3 Wl § 4T 9ok ¢ pedar WS
By Judoss Byl Lo 13] Dgy Sgaall 1 Caplaind iz 43 5gaall 1 (§ cpoliall o s Lgalusind (oyalls Johall bglas
:Dispositions dges ¢ 3l Ll ey
<>
dispositions = stops['Dispositions'].value_counts()

interact(lambda row=0: dispositions.iloc[row:row+7],
row=(0, len(dispositions), 7))

8500l Wloglang Woldpat) Aalzseall g5l folis Jgdz U yglamus Aaslul Adsylall pudiy

row 0
M 1683
WMATCN 875
BMATWN 681
BM2TWN 674
WMATIWN 547
WFATCN 537
P 493

Mame: Dispositions, dtype: inte4

ua.ug 4ul.:LuJ| dl:v.)\ d.,.s 48l 49\.,0‘ ‘w..) ub}” ua.u d 4)&/& ubu\ d.w:.«.! d ub)\o}l\j uwu\ O J\Ag]\ OLC A}u.” 65,9;1
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Hladde Joadl wie ol bde Camo 10 031 g oot ol

<>

# 0l e (ol o Gl 4Ll
dispositions.iloc[[0, 20, 30, 266, 1027]]

M 1683
M; 238
M 176
HFATWN; 14
OMAKWS 1

Name: Dispositions, dtype: int64

dubwldbalw)bwﬁ:ulcﬂa\v\.m d)adlau‘)hzllmlswwdcu)lWyxﬁﬁg\wsjanjm)ﬁ‘ud\J\ShLml
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<>
def clean_dispositions(stops):
cleaned = (stops['Dispositions’]
.str.strip() # el o adall 8 S o) 42 ) clilad) Gida
.str.rstrip(';"') # oaleall LAl 4l 13 adagiall Jeal i) Gida
.str.replace(';"', ',')) # Jwld N abgudl Jualdll 8L dos
return stops.assign(Dispositions=cleaned)
<>

stops_final = (stops
.pipe(drop_unneeded_cols)
.pipe(clean_dispositions))

df_interact(stops_final)

WIS Jelis Jgutr W sglnes ALl Aplall puiiy



row 0

Incident Number Call Date/Time Location Incident Type Dispositions Location - Latitude Location - Longitude
0 2015-00004825 2015-01-26T00:10:00 SAN PABLO AVE / MARIN AVE T M None None
1 2015-00004829  2015-01-26T00:50.00 SAN PABLO AVE / CHANNING WAY T M MNone None
2 2015-00004831 2015-01-26T01:03.00 UNIVERSITY AVE / NINTH ST T M None None
3 2015-00004848 2015-01-26T07:16.:00 2000 BLOCK BERKELEY WAY 1184 BM4ICN None MNone
4 2015-00004848 2015-01-26TOT:43.00 1700 BLOCK SAN PABLO AVE 1184 BM4ICN None None

(29208 rows, 7 columns) total

oastloll
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stops_final.to_csv('stops.csv', index=False)

OUL! dayyg S
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<>

'head data/Berkeley PD_-_Calls_for_Service.csv

CASENO, OFFENSE , EVENTDT, EVENTTM, CVLEGEND, CVDOW, InDbDate,Block_Location, BLKADDR,City,State

17091420, BURGLARY AUTO0,07/23/2017 12:00:00 AM,06:00,BURGLARY - VEHICLE,0,08/29/2017 08:28:05 AM, 2500 LE
Berkeley, CA

(37.876965, -122.260544)",2500 LE CONTE AVE,Berkeley,CA

17020462, THEFT FROM PERSON,04/13/2017 12:00:00 AM,08:45,LARCENY,4,08/29/2017 08:28:00 AM,"2200 SHATTUCK A
Berkeley, CA

(37.869363, -122.268028)",2200 SHATTUCK AVE,Berkeley,CA

17050275, BURGLARY AUTO,08/24/2017 12:00:00 AM,18:30,BURGLARY - VEHICLE,4,08/29/2017 08:28:06 AM,"200 UNIV|
Berkeley, CA

(37.865491, -122.310065)",200 UNIVERSITY AVE,Berkeley,CA

JSON sl oo LAY @blog

<>

# obal sk Al Jsl G
'head -n 5 data/stops.json
lecho ' '

Itail -n 5 data/stops.json

{
"meta" : {
“view" : {
"id" : "6e9j-piop",
"name" : "Berkeley PD - Stop Data",

, [ 31079, "C2B6O6ED-7872-4BOB-BC9B-4EF45149F34B", 31079, 1496269085, "932858", 1496269085, "932858", nul

, [ 31080, "8FADF18D-7FE9-441D-8709-7BFEABDACA7A", 31080, 1496269085, "932858", 1496269085, "932858", nul

, [ 31081, "F60BD2A4-8C47-4BE7-B1C6-4934BESDF838", 31081, 1496269085, "932858", 1496269085, "932858", nul
]

}

Lol ASI a3 0l ccobilud! Lo JEY (5531 £lgil s galally



& ol Ko oble e gy b Bale olegdl Olda . (Tab-Separated Values (TSV s (Comma-Separated Values (CSV
Taz Jge i olakal oda (e Joadl ( Tab (\t dedle of (, ) duoldl dadlay bl (o Jsaisg jcio Jios haw S Olaledl oda
[F 5L & DataFrame U S S0 4lie s oY

8elya) zliss Values ods Keys geslae (e Sy 20 JSub @13 0955 JSON wlals (JavaScript Object Format (JSON

@ .DataFrame J| el glyseiwd diybo e G o3 (109 Ogiub 43) § Dictionary pegeldS Jo Saw Calell

zSlae)l diylo 2Bg dueyd wlakell o (HyperText Markup Language (HTML s (éXtensibIe Markup Language (XML e

<?xml version="1.0" encoding="UTF-8"?>

<note>

<to>Tove</to>
<from>Jani</from>
<heading>Reminder</heading>

<body>Don't forget me this weekend!</body>

</note>

2005-03-23
2005-03-23
2005-03-23
2005-03-23
2005-03-23

23:47
23:47
23:47
23:47
23:47

111,663 - sa - INFO - creating an instance of aux_module.Aux
111,665 - sa.aux.Aux - INFO - creating an instance of Aux
111,665 - sa - INFO - created an instance of aux_module.Aux
111,668 - sa - INFO - calling aux_module.Aux.do_something

B e Jts . auilly

llall ¢yo 91l 19 o UL 7l XPath pisiuis (35 Juad 3

Sie (ASagn A2 posaas K& e DLl paual S goldl oo wiS)l Log Data J-sYl el e

111,668 - sa.aux.Aux - INFO - doing something

olaledl e £l 1o e UL 2w Regular Expressions ddaed! sl psciics ¢ 3>Y Juad §

Lyl

Qjﬁﬁy‘ LAl e Gy QW1 dgazdly corlad Glaglas e Ve Jo91 Jgul Mo . Jgur opo ST & dowdio OULAI 0955 8oLl 3

people = pd.DataFrame(

[["Joey",

["Weiwei",

["Joey",

["Karina",

["Nhi",
["Sam",

"blue", 42,
"blue", 50,

"green", 8,
"green", 7,
"blue", 3
“pink", -42,

e,
S
"],
T
gl
M1,

columns = ["Name", "Color", "Number", "Sex"])

people

v A W N B O

email = pd.DataFrame(
"deborah_nolan@berkeley.edu"],
"samlau95@berkeley.edu"],

["*John", "doe@nope.com"],
["Joey", "jegonzal@cs.berkeley.edu"],
["Weiwei", "weiwzhang@berkeley.edu"],

[["Deb",
["Sam",

["Weiwei", "weiwzhang+123@berkeley.edu"],

Name
Joey
Weiwe
Joey
Karina
Nhi

Sam

["Karina", "kgoot@berkeley.edu"]],
columns = ["User Name", "Email"])

email

User Name

Deb

Sam

Color
blue
blue

green

green
blue

pink

deborah_nolan@berkeley.edu

Number
42
50

~

42-

Email

Sex

<L n»mn < »n <L

samlau95@berkeley.edu

toasd S

<>

<>


http://ebay.github.io/tsv-utils/docs/comparing-tsv-and-csv.html
https://realpython.com/python-json/
https://www.geeksforgeeks.org/xml-parsing-python/

User Name Email

2 John doe@nope.com

3 Joey jegonzal@cs.berkeley.edu

4 Weiwei weiwzhang@berkeley.edu

5 Weiwei weiwzhang+123@berkeley.edu
6 Karina kgoot@berkeley.edu

alads Lo yy8 Of ca el el dgac dlalgy egin Jasly Uy Jgdz (§ (Wlgdd! pex LSy ¢ 3o ASIY ooy paseds S Ly
.email ng«SNI dundl Jodr § ek o) people poleadl Jsu 3 b Fernando Slie 5331 093 Joda § 0k o)l uabr-wBU

P Loyl &yl el ast 3 e Jgas & 8398a0ll OUL! pe Joladl § dalizes diyybo £65 Ky <Join Ja.\)-" Ghls e dabize &_9.\1 Lo
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<>

# Fernando, Nhi, Deb, s John sedds a3 1A g Sy 2ol Jsas B ol ¥
people.merge(email, how="inner', left_on='Name', right_on='User Name')

Namr Color Number Sex User Name Email
0 Joey blue 42 M Joey jegonzal@cs.berkeley.edu
1 Joey green 8 M Joey jegonzal@cs.berkeley.edu
2 Weiwei blue 50 F Weiwei weiwzhang@berkeley.edu
3 Weiwei blue 50 F Weiwei weiwzhang+123@berkeley.edu
4 Karina green 7 F Karina kgoot@berkeley.edu
5 Sam pink 42- M Sam samlau95@berkeley.edu
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people.merge(email, how="inner', left_on='Name', right_on='User Name')
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calls = pd.read_csv('data/calls.csv')
calls.head()
OFFENSE CVLEGEND BLKADDR EVENTDTTM Latitude Longitude Day
BURGLARY BURGLARY - LE 2500 23/07/2017
AUTO VEHICLE CONTE AVE 6:00 37.876965 | 122.260544 Sunday
BOWDITCH
BURGLARY BURGLARY - STREET & 02/07/2017
AUTO VEHICLE CHANNING 22:00 37.867209 | 122.256554- sunday
WAY
2900
THEFT MISD. 20/08/2017
(UNDER $850 LARCENY CHANNING 2390 37.867948  122.250664- Sunday
WAY
THEFT MISD. 2100 09/07/2017
kb e LARCENY RUSSELLST e 37.856719  122.266672 Sunday
TELEGRAPH
DISORDERLY AVENUE & 30/07/2017
DISTURBANCE CONDUCT CURANT e 37.867816  122.258994 Sunday
AVE
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stops = pd.read_csv('data/stops.csv', parse_dates=[1], infer_datetime_format=True)
stops.head()
Incident Incident Location - Location -
Call Date/Ti Locati Di iti
Number Al 2 i ocation Type Ispositions Latitude Longitude
2015- 26/01/2015 SAN PABLO AVE
0 00004825 0:10 / MARIN AVE T M NaN NaN
SAN PABLO AVE
2015- 26/01/2015
1 ] / CHANNING T M NaN NaN
00004829 0:50 WAY
2015- 26/01/2015 UNIVERSITY AVE
2 00004831 1:03 / NINTH ST T M NaN NaN
3 2015- 26/01/2015 BLOCK 2000 1194 BMAICN NaN NaN

00004848 7:16 BERKELEY WAY



Incident Incident Location - Location -
Call Date/Time Location Dispositions
Number il Type spost Latitude Longitude
2015- 26/01/2015 BLOCK SAN 1700
4 00004849 7:43 PABLO AVE 1194 BMAICN NaN NaN
QW 3T Sy 0l obls L of oSe
<>
(stops
.groupby(stops['Call Date/Time'].dt.date)
.size()

.rename('Num Incidents')
.to_frame()

Num Incidents
Call Date/Time

26/01/2015 46
27/01/2015 57
28/01/2015 56
28/04/2017 82
29/04/2017 86
30/04/2017 59

825 rows x 1 columns
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calls = pd.read_csv('data/calls.csv', parse_dates=['EVENTDTTM'], infer_datetime_format=True)
stops = pd.read_csv('data/stops.csv', parse_dates=[1], infer_datetime_format=True)
calls
CASENO OFFENSE CVLEGEND BLKADDR EVENTDTTM Latitude Longitude Day
BURGLARY BURGLARY - LE 2500 23/07/2017
17091420 AUTO VEHICLE CONTE AVE 6:00 37.876965 122.260544- Sunday
BOWDITCH
BURGLARY BURGLARY - STREET & 02/07/2017
1 2 . 2 122.2 =
703830 AUTO VEHICLE CHANNING 22:00 37.867209 26554 Sunday
WAY
2900
THEFT MISD. 20/08/2017
17049346 ((UNDER $950 LARCENY CHANNING 23:20 37.867948 122.250664- Sunday
WAY
IDENTITY 100 31/03/2017
17021604 FRAUD MONTROSE 37.896218 122.270671- Friday
THEFT RD 0:00
DISORDERLY 20y 09/06/2017
17033201 DISTURBANCE COLLEGE 37.868957 122.254552- Friday
CONDUCT 22:34
AVE
UNIVERSITY
BURGLARY BURGLARY - AVENUE & 11/08/2017 .
17047247 AUTO VEHICLE CHESTNUT 20:00 37.869679 122.288038- Friday
ST
5508 rows x 8 columns
<>
# Ol by B m )l sy @l pa e
calls['EVENTDTTM'].dt.date.sort_values()
1384 2017-03-02
1264 2017-03-02
1408 2017-03-02
3516 201%:é8-28
3409 2017-08-28
3631 2017-08-28
Name: EVENTDTTM, Length: 5508, dtype: object
<>

calls['EVENTDTTM'].dt.date.max() - calls['EVENTDTTM'].dt.date.min()

datetime.timedelta(179)
b plall 05 5o oW1 a0 @89 W cbludl ey § @583 (1 logo 180 JI S S T3 (9 092 179 il e Jaadl Sgimms
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import folium # 4iSe axiiuie Folium 4k Al au)l
import folium.plugins

SF_COORDINATES = (37.87, -122.28)

sf_map = folium.Map(location=SF_COORDINATES, zoom_start=13)

locs = calls[['Latitude', 'Longitude']].astype('float"').dropna().to_numpy()
heatmap = folium.plugins.HeatMap(locs.tolist(), radius = 10)
sf_map.add_child(heatmap)

-
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<>
stops
SAN PABLO
0 00%2)158'25 26/ (())%3015 AVE / T M NaN NaN
' MARIN AVE
SAN PABLO
2015- 26/01/2015 AVE /
! 00004829 0:50 CHANNING T M NaN NaN
WAY
2015- 26/01/2015 UNIVERSITY
2 00004831 1os AVE / T M NaN NaN
' NINTH ST
2017- 30/04/2017 UNIVERSITY
29205 00024245 22:59 AVE/6TH ST T BM2TWN NaN NaN
UNIVERSITY
2017- 30/04/2017
29206 00024250 2310 AVE /s 1YVEST T HMA4TCS 37.869876  122.286551-
CHANNING
2017- 30/04/2017 WAY /
29207 00034254 Jong BOWDICH 1194 AR 37.867208  122.256529
ST
29208 rows x 7 columns
<[>

stops['Call Date/Time'].dt.date.sort_values()


http://leafletjs.com/

0 2015-01-26
25 2015-01-26
26 2015-01-26

29175 2017-04-30
29177 2017-04-30
29207 2017-04-30
Name: Call Date/Time, Length: 29208, dtype: object
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<>
SF_COORDINATES = (37.87, -122.28)
sf_map = folium.Map(location=SF_COORDINATES, zoom_start=13)
locs = stops[['Location - Latitude', 'Location - Longitude']].astype('float').dropna().to_numpy()
heatmap = folium.plugins.HeatMap(locs.tolist(), radius = 10)
sf_map.add_child(heatmap)

+
.
.
-
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calls = pd.read_csv('data/calls.csv')
calls.head()
OFFENSE EVENTDT EVENTTM BLKADDR Latitude Longitude Day
07/23/2017
BURGLARY LE 2500
AUTO 12:00:00 6:00 CONTE AVE 37.876965 122.260544- Sunday
AM
BOWDITCH
BURGLARY 07/02/2017 . STREET &
AUTO 0:00 22:00 CHANNING 37.867209 122.256554 Sunday
WAY
08/20/2017 2900
THEFT MISD.
((UNDER SZSO 12:00:00 23:20 CHANNING 37.867948 122.250664- Sunday
AM WAY
THEFT MISD. 07/09/2017 . 2100
((UNDER $950 0:00 4:15 RUSSELL ST 37.856719 122.266672 Sunday
0773072017 TELEGRAPH
DISTURBANCE 12:00:00 1:16 37.867816 122.258994- Sunday
AM DURANT
AVE
5 rows x 9 columns
<>

calls['CASENO'].plot.hist(bins=30)

<matplotlib.axes._subplots.AxesSubplot at @xlalebb2898>
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# ol Qla

import seaborn as sns

# ol asal yayl Gy Guki Seaborn

sns.set()

# el Jgial) Ciias Sl Choyeiy Jead

ti = sns.load_dataset('titanic').dropna().reset_index(drop=True)

df_interact(ti)

<>

row 65

col & 3]
fare embarked class who adult_male deck embark_town alive
65 2850 5 First man True C  Southampton no
66 153.46 s First man True C  Socuthampton ne
67 66.60 5 First man True C  Southampton no
68 13450 c First woman False E Cherbourg  yes
69  26.00 5 Second child False F  Southampton yes

(182 rows, 15 columns) total

import numpy as np

AeY 3 okl dawlg g Jal A8 ae WL (1 cli=l Dlebb pgas Als LB Gy ¢ galud! Juadll it WS

import matplotlib.pyplot as plt

import pandas as pd

import seaborn as sns

%matplotlib inline
import ipywidgets as widgets

<>

from ipywidgets import interact, interactive, fixed, interact_manual

def df_interact(df):

Ang

N T o

~ATo0N .


https://en.wikipedia.org/wiki/Henry_D._Hubbard
http://seaborn.pydata.org/

UTI pEERLI UW-U, LUL-Uj .
return df.iloc[row:row + 5, col:col + 8]

interact(peek, row=(0, len(df), 5), col=(@, len(df.columns) - 6))

print('({} rows, {} columns) total'.format(df.shape[@], df.shape[1]))
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#oadall Ll el Y ol e st Al b dia
# <matplotlib.axes._subplots.AxesSubplot>

# ool Sl an i W ek
sns.distplot(ti['age']);
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sns.distplot(ti['age'], rug=True);
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sns.distplot(ti['age'], kde=False, bins=30);
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sns.boxplot(x="'fare', data=ti);
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fare
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<>
lower, upper = np.percentile(ti['fare'], [25, 75])

igr = upper - lower
igr


https://pro.arcgis.com/en/pro-app/help/analysis/geoprocessing/charts/box-plot.htm
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upper_cutoff = upper + 1.5 * igr

lower_cutoff = lower - 1.5 * igr
upper_cutoff, lower_cutoff

(180.44999999999999, -60.749999999999986)
o) L.&og Sl .OUL::J\ &9.1 o> ol (PR &5.}&4&]\ oo ‘Q.QS Lde M BA>lg E)A C.\Ul:g.” 53.@.&3 Lg)l)Sle G)J.AJ\ ()T P_C-)IL\
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sns.boxplot(x="'fare', y="'who', data=ti);

woman LN ]
§ man LN ) +
child
0 100 200 300 400 500
fare
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sns.distplot(ti.loc[ti[ 'who' ‘woman', ‘fare'])

] ==
sns.distplot(ti.loc[ti[ 'who'] == 'man', 'fare'])
] == 'child', ‘fare']);

sns.distplot(ti.loc[ti[ ‘who’
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# 2seall an)) fare Uy & ti sl e x
sns.boxplot(x="'fare', data=ti);
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# fare (Usd e () x
# who (Ussall e (=5 y
sns.boxplot(x="'fare', y="'who', data=ti);
woman IXEY]
§ man LN ) ]
child
0 100 200 300 400 500
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sns.lmplot(x="'age', y="'fare', data=ti);
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sns.lmplot(x="age', y='fare', data=ti, fit_reg=False);
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sns.lmplot(x="age', y='fare', hue='who', data=ti, fit_reg=False);
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import seaborn as sns
sns.set()

# bl Jaess
ti = sns.load_dataset('titanic"').reset_index(drop=True)

df_interact(ti)

(891 rows, 15 columns) total
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# paaany layjd sy o sady ol Gl Gl 2 Gluay sy ash
sns.countplot(x="alive', data=ti);
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sns.countplot(x="'class', data=ti);
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# OV il aug) IS8 adl) Wiy (Goriall halde & LS
sns.countplot(x="alive', hue='class', data=ti);
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# e busie aus Class o8 b /b g IO
sns.barplot(x="alive', y='age', data=ti);
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ti[['alive', 'age']].groupby('alive').mean()

Age
alive
no 30.626179
yes 28.343690
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sns.barplot(x="'alive', y='age', data=ti, ci=False);
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# e husie auys s o8 Gab /el g IS
sns.pointplot(x="alive', y='age', data=ti);
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sns.pointplot(x="'class', y='survived', data=ti);
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sns.pointplot(x="'class', y="survived', hue='adult_male', data=ti);
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# Aladie dada 3 el o) e Y g B sl el ALl asu gl Jasy Jhadl 13
%matplotlib inline

# ekl plt AsSd alaaiull i L) matplotlib
import matplotlib.pyplot as plt

Sy syl pamass

S e 5o Axes yg>oll matplotlib § .JSad) Axes yslxell 43Lo) o3 Figure 9l gl S slady Yol gl amatplotlib (§ eyl
Lladl gi bglasdl P9 <Marks blas e Sgize Heall .Jgliz S e jalowe Bie e Soin ol oSes Figure gl JSadlg caslg
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# ‘é_*.L'.,JI Jal el
f = plt.figure()

#oolil g Gy B il |l JSED ) see Al
# oY) Adal ol Gaad) S Saty JaY1 il L aaly dgee s sl Je
= f.add_subplot(1, 1, 1)

# ool o bl an) el
ax.plot([e, 1, 2, 3], [1, 3, 4, 3])

#ooSilesish JSa A o3 el Qb g el an i ek
# Aaddl Ll 2SSV 8 Leerdi ) 1A
plt.show()
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f = plt.figure()
= f.add_subplot(1, 1, 1)

X = np.arange(0, 10, 0.1)

# omddl dilal 1abel hall g ol e LiSd
ax.plot(x, np.sin(x), label='sin(x)")
ax.plot(x, np.cos(x), label='cos(x)")
ax.legend()

ax.set_title('Sinusoids')
ax.set_xlabel('x")
ax.set_ylabel('y');
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# oosmas P JSE an ) jlain
plt.plot(x, np.sin(x))

# oaxiul vie plt saally JSAI G pladi) ddle) g cglall (il B se (e K

plt.

X =

plt.
plt.
plt.

#J

plt.
plt.
plt.

scatter(x, np.cos(x));
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np.arange(0, 10, 0.1)

plot(x, np.sin(x), label='sin(x)")
plot(x, np.cos(x), label="cos(x)")
legend()

Jb=idl ax.set_title
title('Sinusoids"')
xlabel('x")
ylabel('y")

# ogose il 2l x5y

plt.
plt.

xlim(-1, 11)
ylim(-1.2, 1.2);
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plt.plot(x, np.sin(x), linestyle='--', color='purple');
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plt.plot([1,2,3])
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<>

set_mec

.set_mew

set_mfc
set_mfcalt
set_ms
set_picker

.set_pickradius

set_rasterized
set_snap
set_solid_capstyle
set_solid_joinstyle

.set_transform

line.set

line.set line.set_drawstyle line.
line.set_aa line.set_figure line
line.set_agg_filter line.set_fillstyle line.
line.set_alpha line.set_gid line.
line.set_animated line.set_label line.
line.set_antialiased line.set_linestyle line.
line.set_axes line.set_linewidth line
line.set_c line.set_lod line.
line.set_clip_box line.set_1s line.
line.set_clip_on line.set_1lw line.
line.set_clip_path line.set_marker line.
line.set_color line.set_markeredgecolor line
line.set_contains line.set_markeredgewidth line.
line.set_dash_capstyle line.set_markerfacecolor line.
line.set_dashes line.set_markerfacecoloralt line.
line.set_dash_joinstyle line.set_markersize line.
line.set_data line.set_markevery line

line = plt.plot([1,2,3])

plt.setp(line,

set_url
set_visible
set_xdata
set_ydata

.set_zorder

Gyl las S oy e (Ssion 458 el (o Jaall i Lols ¢ bl 055 U (Auols dyuon) jlatsl) setp pliil oS

linestyle: {'-', '--

‘linestyle')

:', "', (offset, on-off-seq),

plt.setp(line)

agg_filter: unknown
alpha: float (0.0 transparent through 1.0 opaque)
animated: [True | False]

Hlede ellas s Jlgll slusd dswsuall

<>

<>

<>


https://matplotlib.org/tutorials/introductory/pyplot.html
https://matplotlib.org/tutorials/index.html

antialiased or aa: [True | False]
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fig = plt.figure()
fig.suptitle('bold figure suptitle', fontsize=14, fontweight='bold")

ax = fig.add_subplot(1, 1, 1)
fig.subplots_adjust(top=0.85)
ax.set_title('axes title')

ax.set_xlabel('xlabel")
ax.set_ylabel('ylabel")

ax.text(3, 8, 'boxed italics text in data coords', style='italic',
bbox={'facecolor':'red', ‘'alpha':0.5, 'pad':10})

ax.text(2, 6, 'an equation: $E=mc”2$', fontsize=15)

ax.text(3, 2, 'unicode: Institut fiir Festkorperphysik')

ax.text(0.95, 0.01, 'colored text in axes coords',
verticalalignment="bottom', horizontalalignment='right"',

transform=ax.transAxes,
color="green', fontsize=15)

ax.plot([2], [1], 'o")
ax.annotate('annotate', xy=(2, 1), xytext=(3, 4),
arrowprops=dict(facecolor="black', shrink=0.05))

ax.axis([e, 10, 0, 10]);

bold figure suptitle

0 axes title

a boxed italics text in data coords

6 an equation: E = mc?
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# 48 Jwsi seaborn
import seaborn as sns
sns.set()
# o)l paay JS5 hs
# https://seaborn.pydata.org/generated/seaborn.set_context.html
sns.set_context('talk")
# bl Jaess
ti = sns.load_dataset('titanic').dropna().reset_index(drop=True)
ti.head()
survived pclass sex age deck embark_town alive alone
0 1 1 female 38 C Cherbourg yes FALSE
1 1 1 female 35 C Southampton yes FALSE
2 0 1 male 54 E Southampton no TRUE
3 1 3 female 4 G Southampton yes FALSE
4 1 1 female 58 C Southampton yes TRUE
5 rows x 15 columns
oyl 0 T
<>

sns.lmplot(x="'age', y='fare', hue='who', data=ti, fit_reg=False);
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sns.lmplot(x="age', y='fare', hue="who', data=ti, fit_reg=False)

plt.title('Fare Paid vs. Age of Passenger, Colored by Passenger Type')
plt.xlabel('Age of Passenger')
plt.ylabel('Fare in USD")

plt.annotate('Both survived', xy=(35, 500), xytext=(35, 420),
arrowprops=dict(facecolor="'black', shrink=0.05));
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Cancer Screening
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pp = pd.read_csv(" data/plannedparenthood csv™)
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https://oversight.house.gov/interactivepage/plannedparenthood
https://alioh.github.io/ds-100-ar/files/chapter6/plannedparenthood.csv

PLL.PLUL(PPL yedl® |, PPL SCIEENLIE ], L1LlIE>LY1E= SULLU , MdI'KEr= U , lduel= udicer )
plt.plot(pp['year'], pp['abortion'], linestyle="solid", marker="o0", label='Abortion')
plt.title('Planned Parenthood Procedures')

plt.xlabel("Year")

plt.ylabel("Service")

plt.xticks([2006, 2013])
plt.legend();
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percent_change = pd.DataFrame({
‘percent_change': [
pp[ 'screening'].iloc[1] / pp[‘screening'].iloc[@] - 1,
pp[ "abortion'].iloc[1] / pp['abortion'].iloc[@] - 1,
1,
‘procedure': ['cancer', 'abortion'],
‘type': ['percent_change', 'percent_change'],
D)
ax = sns.barplot(x="procedure', y='percent_change', data=percent_change)
plt.title('Percent Change in Number of Procedures')
plt.xlabel("'")
plt.ylabel('Percent Change')
plt.ylim(-0.6, ©.6)
plt.axhline(y=0, c='black');
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https://www.statisticshowto.com/long-tail-distribution/
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2014 Median Weekly Earnings
Full-Time Workers over 25 years old
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cps = pd.read_csv("data/edInc2.csv")
ax = sns.pointplot(x="educ", y="income", hue="gender", data=cps)

ticks = ["<HS", "HS", "<BA", "BA", ">BA"]

ax.set_xticklabels(ticks)

ax.set_xlabel("Education™)

ax.set_ylabel("Income")

ax.set_title("2014 Median Weekly Earnings\nFull-Time Workers over 25 years old");
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https://programmingdesignsystems.com/color/perceptually-uniform-color-spaces/
https://carto.com/carto-colors/
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co2 = pd.read_csv("data/CAITcountryCO2.csv", skiprows = 2,
names = ["Country", "Year", "C02"])
last_year = co2.Year.iloc[-1]
q = f"Country != 'World' and Country != 'European Union (15)' and Year == {last_year}"
top14_lasty = co2.query(q).sort_values('C02', ascending=False).iloc[:14]
top14 = co2[co2.Country.isin(topl4_lasty.Country) & (co2.Year >= 1950)]

from cycler import cycler

linestyles = (['-', '--", ":", '-."]*3)[:7]
colors = sns.color_palette('colorblind')[:4]
lines_c = cycler('linestyle', linestyles)

color_c = cycler('color', colors)

fig, ax = plt.subplots(figsize=(9, 9))
ax.set_prop_cycle(lines_c * color_c)


https://alioh.github.io/ds-100-ar/files/chapter6/CAITcountryCO2.csv

X, y ='Year', 'CO2'
for name, df in topl4.groupby('Country'):
ax.semilogy(df[x], df[y], label=name)

ax.set_xlabel(x)
ax.set_ylabel(y + "Emissions [Million Tons]")
ax.legend(ncol=2, frameon=True);
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ti = sns.load_dataset('titanic')
sns.distplot(ti['fare'])
plt.title('Fares for Titanic Passengers')

plt.xlabel('Fare in USD')
plt.ylabel('Density");
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https://www.mathsisfun.com/data/skewness.html
https://sciencing.com/non-linear-relationship-10003107.html
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sns.distplot(np.log(ti.loc[ti['fare'] > @, 'fare']), bins=25)
plt.title('log(Fares) for Titanic Passengers')
plt.xlabel('log(Fare) in USD"')

plt.ylabel('Density');
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planets = pd.read_csv("data/planets.data", delim_whitespace=True,

comment="#", usecols=[0, 1, 2])
planets

planet mean_dist period

0 Mercury 0.389 87.77
1 Venus 0.724 224.7
2 Earth 1 365.25
3 Mars 1.524 686.95
4 Jupiter 5.2 4332.62
5 Saturn 9.51 10759.2

ddas 905 Y @8Me Al 4 AamMe Liay cobgal iy &5yl uadd) 5 d8Lunedl Jassgin Liows) 13]
<>

sns.lmplot(x="'mean_dist', y='period', data=planets, ci=False)

<seaborn.axisgrid.FacetGrid at @xlalf54aba8>


https://brilliant.org/wiki/log-normal-distribution/
https://en.wikipedia.org/wiki/Johannes_Kepler
https://alioh.github.io/ds-100-ar/files/chapter6/planets.data
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sns.lmplot(x="'mean_dist', y="period',

data=np.log(planets.iloc[:, [1, 2]]),
ci=False);

<seaborn.axisgrid.FacetGrid at @x1lalf693dao>
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log(period) = mlog(dist) + b
period = e™lo8(dist)+b Taking the exponent of both sides
period = e’dist™
period = C - dist™
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https://www.statisticshowto.com/box-cox-transformation/
https://en.wikipedia.org/wiki/Polynomial_transformation
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The gender gap is transitory - even for extreme cases

Percentage of Bachelors conferred to women from 1970 to 2011 in the US for
extreme cases where the percentage was less than 20% in 1970

Businessg

50%
40
30
20

Engineering

10

1970 1975 1980 1985 1990 1995 2000 2005 2010

CDATAQUEST Source: National Center for Education & tics

(.matplotlib plsuiusl Dbl sda S d8Ls) casd CaS i gs L dugall)
Q! Uy 3 Ao 5 Lo g Bl 13] JWI G cple S

.‘o.w_),” Qb.z_c .

gjbad|cggu£ .

Aagall @l 13 Oladlally bglasd) s o

AsBgin pally dogall Ll Gluowws o

goutss (501 dogall Slaglaally ULl (£33 Olgis @

Jawd! g0l

00 &9 92 SLSHI el ells baali Of G Azl & oS g bladl 095 ladie prudly S ULl oy (§ Be by oot
(S & pasd 5 jas gds JUI Jadasdl )l Rug Plots (Jadasal) el L)

<>

ages = ti['age'].dropna()
sns.rugplot(ages, height=0.2)

<matplotlib.axes._subplots.AxesSubplot at 0x1a20c@5b38>


https://www.dataquest.io/blog/making-538-plots/
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sns.distplot(ages, kde=False)

<matplotlib.axes._subplots.AxesSubplot at ©0x1a23c384e0>
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sns.distplot(ages)

<matplotlib.axes._subplots.AxesSubplot at ©x1a23d89780>
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points = np.array([2, 3, 5])
sns.rugplot(points, height=0.2)



plt.xlim(@, 7);
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from scipy.stats import norm
def gaussians(points, scale=True, sd=0.5):

x_vals = [np.linspace(point - 2, point + 2, 100) for point in points]

y_vals = [norm.pdf(xs, loc=point, scale=sd) for xs, point in zip(x_vals, points)]

if scale:

y_vals = [ys / len(points) for ys in y_vals]
return zip(x_vals, y_vals)

for xs, ys in gaussians(points, scale=False):
plt.plot(xs, ys, c=sns.color_palette()[0])

sns.rugplot(points, height=0.2)
plt.xlim(e, 7)
plt.ylim(e, 1);
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for xs, ys in gaussians(points):
plt.plot(xs, ys, c=sns.color_palette()[0])

sns.rugplot(points, height=0.2)
plt.xlim(e, 7)
plt.ylim(e, 1);
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sns.rugplot(points, height=0.2)
sns.kdeplot(points, bw=0.5)

plt.xlim(@, 7)
plt.ylim(@, 1);
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# gl Jd ALaY) Ll ek
sns.rugplot(ages, height=0.1)
# ol il i el
sns.kdeplot(ages);
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for xs, ys in gaussians(points):
plt.plot(xs, ys, c=sns.color_palette()[@])

sns.rugplot(points, height=0.2)
plt.xlim(@, 7)
plt.ylim(@, 1);
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for xs, ys in gaussians(points, sd=0.3):
plt.plot(xs, ys, c=sns.color_palette()[0])

sns.rugplot(points, height=0.2)
plt.xlim(@, 7)
plt.ylim(e, 1);

10
08
086
04

02

0.0

Mt ST Gl ot gl s JBI) (2001 5 iliomiall gazss Lois

<>
sns.rugplot(points, height=0.2)
sns.kdeplot(points, bw=0.2)
plt.xlim(@, 7)
plt.ylim(e, 1);
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# aey KDE Q8 (3l aladiuly olilils IS, jleeY
sns.rugplot(ages, height=0.1)
sns.kdeplot(ages, bw=0.5);
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sns.rugplot(points, height=0.2)
sns.kdeplot(points, kernel="tri', bw=0.3)
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# o KDE Gladl 406 ol alasialy dlalili S, leeY
sns.rugplot(ages, height=0.1)
sns.kdeplot(ages, kernel="tri');
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<>
runners = pd.read_csv('data/cherryBlossomMen.csv').dropna()
runners
year place age time
0 1999 1 28 2819
1999 2 24 2821
2 1999 3 27 2823
70066 2012 7190 56 8840
70067 2012 7191 35 8850
70069 2012 7193 48 9059
70045 rows x 4 columns
<>

sns.lmplot(x="age', y='time', data=runners, fit_reg=False);


https://alioh.github.io/ds-100-ar/files/chapter6/cherryBlossomMen.csv
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# L& SO Ay
two_d_points = pd.DataFrame({'x': [1, 3, 4], 'y': [4, 3, 1]})
sns.lmplot(x="x", y="y', data=two_d_points, fit_reg=False)
plt.xlim(-2, 7)
plt.ylim(-2, 7);
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# s IS ey Cpudall bhie i)y ablis JS sl sy
sns.kdeplot(two_d_points['x"'], two_d_points['y'], bw=0.4)
plt.xlim(-2, 7)

plt.ylim(-2, 7);
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<>



sns.kdeplot(two_d_points['x"'], two_d_points['y'])
plt.xlim(-2, 7)
plt.ylim(-2, 7);
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sns.kdeplot(runners['age'], runners['time’'])

plt.xlim(-10, 70)
plt.ylim(3000, 8000);
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HTTP
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$ curl -v https://httpbin

> GET /html HTTP/1.1
> Host: httpbin.org
> User-Agent: curl/7.55.1

ey 43Ul

<>

.org/html
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https://gitforwindows.org/

> Accept: */*

>

< HTTP/1.1 200 OK

< Connection: keep-alive

< Server: meinheld/0.6.1

< Date: Wed, 11 Apr 2018 18:15:03 GMT
<

<

html>
<body>
<h1>Herman Melville - Moby-Dick</h1>
<p>
Availing himself of the mild...
</p>
</body>
</html>

GET /html HTTP/1.1
Host: httpbin.org
User-Agent: curl/7.55.1
Accept: */*
{blank_line}

1SSl g 598 Ay L3S0 Juaadl Slexr Jaze curl el Juiis

W hawd) html/ die JIHTTP GET b g5 o Dbl O 53 319 GET /html HTTP/1.1 o T Tms S8 dluuyll o0 s
dpsl {name}: {value} JWE gKa HTTP Headers (93, -poldl ) curl gk dylas! Ologlas (o HTTP o sl S
305 ¢Jledl & {blank_line} & Ul laudd Bl Wl JasY . Jily Sy gl Aol OF palidl s Aol g § foWal )

o ‘5;‘ 09 E)lé JJA“A {blan_line} JAiud ddd> Al

W 30 oyl pody @3 ccdlall @lay ol https://httpbin.org cusll pals ] Al JluyY oY pusviw Jueall Sl 3]

HTTP/1.1 200 OK

Connection: keep-alive

Server: meinheld/0.6.1

Date: Wed, 11 Apr 2018 18:15:03 GMT
{blank_line}
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<html>
<body>
<h1>Herman Melville - Moby-Dick</h1>
<p>
Availing himself of the mild...
</p>
</body>
</html>
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curl -v ol wlae HTTP (b Lay JWI zrand! 358U HTTP clb sl W e 05k (3 Requests &S

import requests
url = "https://httpbin.org/html"

response = requests.get(url)
response

<Response [200]>

thttps://httpbin.org/html

<>

Al
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https://httpbin.org/html

<>

request = response.request )
for key in request.headers: # (sl) HTTP 4isiac & lagiae 20l 3
print(f'{key}: {request.headers[key]}"')

User-Agent: python-requests/2.12.4
Accept-Encoding: gzip, deflate
Accept: */*

Connection: keep-alive

bl e WUky g S GET s Lozl cdilud! Al (§ 898 @ HTTP pe b S

<>

request.method

“GETY

3yl
S HTTP ol adrios Dol aolsdl (g duls Wia> 31 3))1 ¢y 3

<>

for key in response.headers:
print(f'{key}: {response.headers[key]}")

Connection: keep-alive

Server: gunicorn/19.7.1

Date: Wed, 25 Apr 2018 18:32:51 GMT
Content-Type: text/html; charset=utf-8
Content-Length: 3741
Access-Control-Allow-Origin: *
Access-Control-Allow-Credentials: true
X-Powered-By: Flask

X-Processed-Time: @

Via: 1.1 vegur

izl @3 Gllall O (g 200 Sl llall Jid ol s 13] i ol 08y «Wl) ) e HTTP ) Sgiom

<>

response.status_code

200

(b s S el g A8 olgizme JotSUl 3)1) 31 (Sgizme ye > 100 Jol yelaiw dps

<>
response.text[:100]
'<IDOCTYPE html>\n<html>\n <head>\n </head>\n <body>\n <h1>Herman Melville - Moby-Dick</h1>\n\n
Oldlall glgil
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.https://www.google.com J GET kb Lidl g8 curl https://www.google.com 1 dasls GET b curl Pl

POST <o

I3l Jumad Jga Jie Sl O iz Jga> e (5930 @dlgall any s .polsdl ) Juaadl oo loglas JlanyY pusin POST Cllall
Lede Oldeall (65 palsdl ] Jgazmedl OULAI Sy POST Callo eLidly ¢ giiw ilxisaial| ATl 53 e lanall wie

dcurl -d ‘name=sam’ https://httpbin.org/post JWE <l Jab ;S .name siiedl § sam 4kl Juoyy POST b e e A
el

-G GET ) Sgiome (pe calises 09w 3yl Sgieny ((POST el (§ el lixe Lodie) 0 S giome 40 Ll of sy

Olariall 503 2o requests. post pdstiuwd 09kl 3 .key-value ded-zlie JKadl juis POST Wl paseind (HTTP (e9d) 3 WS
:POST wldb slady wldgands

<>
post_response = requests.post("https://httpbin.org/post",

data={'name': 'sam'})
post_response

<Response [200]>

tdseal) (oyad gz Bale palsdl Juoy L Tl cwd POST b ddos 38 Lo 13 ogid Alod) 300 30w paldl

<[>
post_response.status_code
200

<>
post_response.text
‘{\n "args": {}, \n "data": "", \n "files": {}, \n "form": {\n "name": "sam"\n 3}, \n "headers":

393, Al g0y glgdl
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<>
# 404 4aiall dsay aay Wadll ey o Jeasiv oisage i Aadall ol
url = "https://www.youtube.com/404errorwow"
errorResponse = requests.get(url)
print(errorResponse)
<Response [404]>
<>

# a3 Ul 500 4sddall o3¢l S 3,
url = "https://httpstat.us/500"


https://www.restapitutorial.com/httpstatuscodes.html

serverResponse = requests.get(url)
print(serverResponse)

<Response [500]>
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state = pd.DataFrame({
"County': [
‘De Witt County’,
‘Lac qui Parle County',
‘Lewis and Clark County',
'St John the Baptist Parish’',
1,
‘State': [
ILt

1)
population = pd.DataFrame({
‘County': [
‘DeWitt ',
‘Lac Qui Parle',
'Lewis & Clark',
'St. John the Baptist',
1,
'Population’: [
'16,798",
'8,067",
‘55,716,
'43,044",

1

County
De Witt County
Lac qui Parle County
Lewis and Clark County

St John the Baptist Parish

w N = O

State
IL
MN
MT
LA

<>



County Population

0 DeWitt 16,798
1 Lac Qui Parle 8,067
2 Lewis & Clark 55,716
3 St. John the Baptist 43,044

[SE-QALNEN]] é ladolaell slowl R éi &lais Y (i .County dgeall plusiwl leo population 9 state 45.\? oz &;JQJL\
WS (2 duaidl DL § Slawll (e sue o g Jliadl
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opie B9y> | dd B9 odl e (bgas da str padl (e dseud (oid5 str.lower()
b Gyl padl dl st § a Byll/ padl H9gh Ol g Jog>d (str.replace(a, b
a Gydl/padl Heeh die str padl Juaty Al pga5 (str.split(a
str padl Llgy Ll § 48l Obluwl dIWl GBS str.strip()
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<>
johnl = state.loc[3, 'County']
john2 = population.loc[3, 'County']
(john1
.lower()
.strip()

.replace(' parish', '")
.replace(' county', '")
.replace('&', 'and')
.replace('.', '")
.replace(' ', '")

)
‘stjohnthebaptist’
0l lais uadl Of U uSs) John2 (e JIgll (e Baddas
<>
(john2
.lower()
.strip()

.replace(' parish', '")
.replace(' county', '')
.replace('&', 'and')
.replace('.', '")
.replace(' ', '")

'stjohnthebaptist’

(ol i) Cdsaell Cadais fLG"" Gulaiw Lﬁ‘”ﬁ clean_county Mb dls Cayaiy pods (daidh dadd Jguo gl die

<>

def clean_county(county):
return (county
.lower()
.strip()
.replace(' county', '')


https://docs.python.org/3/library/stdtypes.html#string-methods

.replace(' parish', '")
.replace('&', 'and")
.replace(' ', '")
.replace('.', '"))

rodgdl e ks pe Olabliadl slowd auax dui-giy 0585 clean_county A1 o uSTI LuS

<>

([clean_county(county) for county in state['County']],
[clean_county(county) for county in population['County']]

)

(['dewitt', 'lacquiparle', 'lewisandclark', ‘'stjohnthebaptist'],
['dewitt', 'lacquiparle', 'lewisandclark', ‘stjohnthebaptist'])

Aablia)l gl plasticsh b galguad! gaz LiSlay «JSad) uding daboliall ol (a3 (e Obgiz 0I1 cpagelad 3 OF Ly
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<>

state[ 'County"]

] De Witt County
1 Lac qui Parle County
2 Lewis and Clark County
3 St John the Baptist Parish
Name: County, dtype: object

Bghinall 3 eadll guar (o Leiday str. e Il plasil 0gib § LS et ge Jolas il Wlishsan § str. DIl

<>

state[ 'County'].str.lower()

(2] de witt county
1 lac qui parle county
2 lewis and clark county
3 st john the baptist parish
Name: County, dtype: object

DLSHI plasiy Az lodl 093 Asiimall § (osmadll graz g o el LSl

<>

(state[ 'County']
.str.lower()
.str.strip()
.str.replace(' parish', '')
.str.replace(' county', '')
.str.replace('&", 'and")
.str.replace('.', '")
.str.replace(' ', '")

)

(2] dewitt

1 lacquiparle

2 lewisandclark

3 stjohnthebaptist

Name: County, dtype: object

<>

state['County'] = (state['County']
.str.lower()



.str.strip()

.str.replace(' parish', '")
.str.replace(' county', '')
.str.replace('&"', 'and')
.str.replace('.', '")
.str.replace(' ', '")

)

population[ 'County'] = (population['County"]

.str.lower()

.str.strip()

.str.replace(' parish', '')
.str.replace(' county', '')
.str.replace('&", 'and")
.str.replace('.', '")
.str.replace(' ', '")

state

population

w N = O

state.merge(population, on='County")

w N = O

(lablaall ganll patl) puds Lagad gl 6 0f Loy 03l

<>
County State
0 dewitt IL
1 lacquiparle MN
2 lewisandclark MT
3 stjohnthebaptist LA
<>
County Population
dewitt 16,798
lacquiparle 8,067
lewisandclark 55,716
stjohnthebaptist 43,044
3blall sgac 3allan bodie (il paz Jgud! o0
<>
County State  Population
dewitt IL 16,798
lacquiparle MN 8,067
lewisandclark MT 55,716
stjohnthebaptist LA 43,044
el Jlgs paslhe
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"give me a call, my number is 123-456-7890."

AU blYl e gz caslgll o)


https://docs.python.org/3/library/stdtypes.html#string-methods
https://pandas.pydata.org/pandas-docs/stable/text.html#method-summary
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def is_phone_number(string):
digits = '0123456789"

def is_not_digit(token):

return token not in digits

# Q) &30
for i in range(3):

if is_not_digit(string[i]):

return False

# Jduali by 4 s
if string[3] != '-':
return False

# a6, SOl de i
for i in range(4, 7):

if is_not_digit(string[i]):

return False

# Jeali biy 4c s
if string[7] != '-":
return False

# A6, b 4o s
for i in range(8, 12):

if is_not_digit(string[i]):

return False

return True

is_phone_number("382-384-3840")

True

is_phone_number("phone number")

False

el § sSdall @3l Gl drls O W ioga 3 (J sV o8
QWS Als Gy 13 il 03y e Sgiz padll OF 13 il
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<>
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Ude Jgud 05l yslgly Jaasdl sus O Juads paill & Byl JS e 0hadl oo I b sére 229 s 9k Goled! rand! 358U

Lslla) dslaedl LYl slw)

Bole] LiSlay dgalusuinl .o pmad) bl Laks blase Aawll oda J=x3 (RegEX aise JSiog) Regular expressions dxdacd! pladl

import re

def is_phone_number(string):

regex = r"[0-9]{3}-[0-9]{3}-[0-9]{4}"
return re.search(regex, string) is not None

is_phone_number("382-384-3840")

True

1088 § (psbwo is_phone_number 4Ll Il Casyas
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oIt 009 cladl § logun 90 Loy iilgel) )] disllan) {4}[9-0]-{3}[9-0]-{3}[9-0] Jaedl seatll ot ¢(golul JUioll 3
oI9S b 5l i (§ folacl) Al Aol jglasl

Adaodl bl plasiinly o gmaill Oldes Gadais BUSs 4ol re ol 090 go 3B (@) 40l e Byall pgiin

dudacdl el yolgl &US
& vesadl Jos LS Loles Jas3 .Raw String pls- ol S e Jadd b Bale duaatdl pulad)l .4l diyb e C3yanll Vsl Ton
A\ dbldl boghasd) Zols owilgd 053 oSJ9 Ogib
u.ub&é}” aadle OS’ v dd \Zulp;l C\Z:u <It's raining &JLIS Goyl 131 Sl .EscapeoJ= LAJAB&J g \dﬁu\ Jasdl
ol Laind s

<>

print('It\'s raining"')

It's raining
\t plastionl d8lus 28L1 of \n pluscil dad Hlaw B8LoY \ Layl pasos

(LS iz «oghb @ hello \ world padl tais) Sk
/>
# bl QAL (et b Lhalad ) mam gl liad ol b AR Ll

some_string = 'hello \\ world'
print(some_string)

hello \ world
(LI Doglasdl Jala) ey d8Lp) o Gl &l o gaatl plisiil
oadl Jd 1 &8LsL p585 , Raw String el (ad sy JWI padll of osib JLsy

<>

# J LY Cpt el Ay J8
some_raw_string = r'hello \ world'
print(some_raw_string)

hello \ world

eyl Lin § ddaadl ot guazr HUS) Aol o gaad] paiiics cabaatll pladl 3 1S JKio b5 Ll bglasdl of Ley
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Say! I like gr‘eené "a" (_“siub}) r"a" Ml :)’{Lc Jadd g_ﬁ)::dl G,U.)Ub}_x W\Ml@dﬁd};ﬂbw@dﬁ .)l:gl
w‘ij‘@wbﬁwWWIU&gﬁéﬂ|)y)j d);;}’l_g e@)‘)’l&u?,!eggs and ham

<>
def show_regex_match(text, regex):
Lbai yaatl olll S ae el b regex
print(re.sub(f'({regex})', r'\033[1;30;43m\1\033[m", text))
<>

regex = r'"green"
show_regex_match("Say! I like green eggs and ham!", regex)



Say! I like green eggs and ham!

<>

show_regex_match("Say! I like green eggs and ham!", r"a")

Say! I like green eggs and ham!

L;;l;LugAL;d daylall oda (gl d Qb 3 Lk’*d|gF=J‘G_)éb u*ﬂlohuﬁlabulhySQudJaAJlJuLLJlulbAALu‘dpLJIJLuJIG
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<>

show_regex_match("Say! I like green eggs and ham!", r"s")

Say! I like green eggs and ham!

dol> 5909
ool (o dilises Bl o] e kel j9al 0 RegEX 3 ol (las lgad 3501 pams
e e Bl 095 O Sde By ST @alas 4T (a5 (Aais) ol

<>

show_regex_match("Call me at 382-384-3840.", r".all")

Call me at 382-384-3840.

N\ ABLsL 50,8 lalas lule o pols i Aadidl gallad)

<>
show_regex_match("Call me at 382-384-3840.", r"\.")
Call me at 382-384-3840.

3840-384-382 o3, Jsl Uy Slie . algq)l a8 diyllan Ula.‘u 2465 BUS; pgiis (bl e dalises $lgsl diyllas Wiy il plascisl
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<>

Call me at 382-384-3840.

19l g Jad 8,91 sl s Y (il A U ygharae JUI it ¢ gt sacr (32lla3 At O Loy

<>

show_regex_match("My truck is not-all-blue.", "...-...-....")

My truck is not-all-blue.

dpadll Ole gazmall
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<>
show_regex_match("I like your gray shirt.", "gr[aely")
I like your gray shirt.

<>
show_regex_match("I like your grey shirt.", "gr[aely")
I like your grey shirt.

<>
# lemas Gals Lasind Lo e bl aaly Copa Bl Gl sandl (@il Y
show_regex_match("I like your graey shirt.", "gr[aely")
I like your graey shirt.

<>

# Lilhin (55a) o) 4e senall LUS (JUA I 3
show_regex_match("I like your graey shirt.", "gr[ae][ae]y")

I like your graey shirt.

3055 pudy B8 pusinu . 3l cpogeaill Olegazs §

<>

show_regex_match("I like your grey shirt.", "irt[.]")

I like your grey shirt.

Iua}aﬁl legazxse 4y Uaa) Lgaluseicw! uiA_J L_S“‘“ Lo ) B ezl WY s d>gl

ol Szl
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sl 3,581 [A-Z]

<>

show_regex_match("I like your gray shirt.", "y[a-z]y")

I like your gray shirt.

1lggll i)l diols bolasl ] ¢y dusadd! Oile gazeall LSl

<>

# A6Y o bl vt [9-0] © Li..-.L.-L.. B 0L Ll Llad
phone_regex = r'[0-9][0-9][0-9]-[0-9][0-9][0-9]-[0-9][0-9][0-9][0-9]"
show_regex_match("Call me at 382-384-3840.", phone_regex)

Call me at 382-384-3840.



<>
#ooall 1 gl Y VI

show_regex_match("My truck is not-all-blue.", phone_regex)

My truck is not-all-blue.

daill Ole gazmall e
(L AT w98 S paill G a1 sLad L de gazeall (§ 3g7rgall p2 (a5 T Ballay ©lo gamall (uSe

<>

show_regex_match("The car parked in the garage.", r"[~c]ar")

The car parked in the garage.

dad i sgusd
1 JW S cailgg)l a8yl diillan) Jasi sl sLady
<>
[0-9]1[@-9][6-9]-[e-9][0-9][0-9]-[0-9][0-9][6-9][6-9]
63T plB) dayyl o5 Jasg al8)T &M @ cJasy ds gt (plB) A (3ylay aaidl 1

{ } Bghinn ulsl U515 03,01 o0 ST Slo e s laadll (§ LSHI Asllas b grass dued,l 39l

<>
phone_regex = r'[0-9]{3}-[0-9]{3}-[0-9]{4}'
show_regex_match("Call me at 382-384-3840.", phone_regex)
Call me at 382-384-3840.

<>

# oMy Ge 0sSe e Jsl OV Gl Y
phone_regex = r'[0-9]{3}-[0-9]{3}-[0-9]{4}"
show_regex_match("Call me at 12-384-3840.", phone_regex)

Call me at 12-384-3840.
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<>

# S g &l &6
show_regex_match('He screamed "Aaaah!" as the cart took a plunge.', "Aa*h!")

He screamed "Aaaah!" as the cart took a plunge.

<>
# 00 23ell dilhe g
show_regex_match(
'He screamed "Aaaaaaaaaaaaaaaaaaaah!" as the cart took a plunge.’,
"Aa*h!"
)
He screamed "Aaaaaaaaaaaaaaaaaaaah!" as the cart took a plunge.
<>

# Ams e A ea JSG
show_regex_match('He screamed "Ah!" as the cart took a plunge.', "Aa*h!")

He screamed "Ah!" as the cart took a plunge.

ldadiz duaSdl 39zl
adgio pe gl Olyall phany yelas aolas il ST &ueSOl s gl Lasls U g3

<>
# sl 5 oS5 911 5 311 s Wls and L
# oY
# <311> and <911>
# baill 4See 4nd el & <>
show_regex_match("Remember the numbers <311> and <911>", "<.+>")

Remember the numbers <311> and <911>

oo Wl s 4l 390l O U day 1SS 53T ] el o < J gl Jol e aBgns o) aaddl eatd] OF 222D JUall s
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<>

show_regex_match("Remember the numbers <311> and <911>", "<[0-9]+>")

Remember the numbers <311> and <911>

O8I daus
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<>
show_regex_match('well, well, well', r"well$")

well, well, well

SLE Jaaidl Gillay ! Jazo $ 97 G50, DS plasialy



<>

phone_regex = r"~[0-9]{3}-[0-9]{3}-[0-9]{4}$"
show_regex_match('382-384-3840"', phone_regex)

382-384-3840

<>

# Gl Y

# A AN Gy el lay 4y

# a8 ) sy Aty gt

show_regex_match('You can call me at 382-384-3840.', phone_regex)

You can call me at 382-384-3840.

Lol 9yl Jalos
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<>

show_regex_match("Call me at [382-384-3840].", "\[")

Call me at [382-384-3840].

<>

show_regex_match("Call me at [382-384-3840].", "\.")

Call me at [382-384-3840].
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RE.SEARCH

A9 13] Ll Lol DIl douds 090 .string Laill & pattern il J=1s Ll x> @S (re.search(pattern, string dlI
1w @) Ol None o (@ Uas

<>
phone_re = r"[0-9]{3}-[0-9]{3}-[0-9]{4}"
text = "Call me at 382-384-3840."
match = re.search(phone_re, text)
match

<_sre.SRE_Match object; span=(11, 23), match='382-384-3840">

3 ST, re. search pusuiud Bale oo Busall pasbasdl e SUl e i ol dakand Ao ot U1 3801 OF el Jo
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<>
if re.search(phone_re, text):
print(“Found a match!")
Found a match!
<>

if re.search(phone_re, 'Hello world'):
print("No match; this won't print")

& hasd Bl e Eoxdb 585 s re. search Jas &b puiy Josds (re.match(pattern, string (b plasiwdl oS 6,1 Al
a3 55 6l @ s string paidl &l

RE.FINDALL
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<>
gmail_re = r'[a-zA-Z0-9]+@gmail\.com’
text = "'’

From: emaill@gmail.com
To: email2@yahoo.com and email3@gmail.com

re.findall(gmail_re, text)

[ 'emaill@gmail.com', ‘email3@gmail.com’]

RegEx wle gozxs
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<>
phone_re = r"[0-9]{3}-[0-9]{3}-[0-9]{4}"

text = "Sam's number is 382-384-3840 and Mary's is 123-456-7890."
re.findall(phone_re, text)

['382-384-3840"', '123-456-7890"]

Zwljéi J=ls ‘a@j dcgan §@> Loy caslgll (mé) oo ba>g) r‘\@j b"jji EM S St r‘\jid

<>

# A5 3/4 U8 on ol ALl pe ) puedl) i

phone_re = r"([0-9]{3})-([0-9]{3})-([0-9]{4})"

text = "Sam's number is 382-384-3840 and Mary's is 123-456-7890."
re.findall(phone_re, text)

[('382', '384', '3840'), ('123', '456', '7890')]

«lggll o)l Jaad illay Lo ez (o (S5 degazme U il re. Findall dlabgs LS
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<>
messy _dates = '03/12/2018, ©3.13.18, 03/14/2018, ©3:15:2018"
regex = r'[/.:]"
re.sub(regex, '-', messy_dates)
'03-12-2018, ©3-13-18, 03-14-2018, 03-15-2018"
RE.SPLIT
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toc =
PLAYING PILGRIMS==
A MERRY CHRISTMAS=
THE LAURENCE BOY==
BURDENS
BEING NEIGHBORLY==
ttostrip()

# oo e jhu JS Juad Y
lines = re.split('\n', toc)
lines

["PLAYING PILGRIMS===

>
=
m
=
=)
=<
(@)
X
)
i
(%)
=
=
>
wn
I

'THE LAURENCE BOY==
' BURDENS
'BEING NEIGHBORLY============

<>

# 4siall G5 Juadll sl Y Jeaill &
split_re = r'=+' # Matches any sequence of = characters

[re.split(split_re, line) for line in lines]

[['PLAYING PILGRIMS', '3'],

['A MERRY CHRISTMAS', '13'],

['THE LAURENCE BOY', '31'],

['BURDENS', '55'],

['BEING NEIGHBORLY', '76']]
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<>

text = """
"Christmas won't be Christmas without any presents," grumbled Jo, lying on the rug.
"It's so dreadful to be poor!" sighed Meg, looking down at her old dress.
"I don't think it's fair for some girls to have plenty of pretty things, and other girls nothing at all,"
"We've got Father and Mother, and each other," said Beth contentedly from her corner.
The four young faces on which the firelight shone brightened at the cheerful words, but darkened again as
ttostrip()
little = pd.DataFrame({
'sentences': text.split('\n')
1

<>
little

sentences
“Christmas won’t be Christmas without any pres...
“It’s so dreadful to be poor!” sighed Meg, loo...
“I don’t think it’s fair for some girls to hav...

“We’ve got Father and Mother, and each other,”...

A W N P O

The four young faces on which the firelight sh...
Gl e a3 ST g 1s dzgg (Bl aadle e o Jand sl UG podiun ¢ plbadI! 2adle CSS a8 ghaiall @hlgsl O Lay
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<>

quote_re = r'"[A"]+""
little[ 'sentences'].str.findall(quote_re)


https://pandas.pydata.org/pandas-docs/stable/user_guide/text.html

[ ["Christmas won't be Christmas without any pre...
1 ["It's so dreadful to be poor!"]
2 ["I don't think it's fair for some girls to ha...
3 ["We've got Father and Mother, and each other,"]
4 ["We haven't got Father, and shall not have hi...
Name: sentences, dtype: object

Series.str.extractall g Series.str.extract @l U ;855 jlb colmladl pez W uz g5 Series. str. findall dlul Ol by
oy ds gozme o I e Jaoidl eaddl Sgizn Of Ugle bo,23 JIgall odn .DataFrame o &sias J) colislaill zl5iwd

<>
# ol Sdle G pasall sl
quote_re = r'"([*"]+)""
spoken = little['sentences'].str.extract(quote_re)
spoken
2] Christmas won't be Christmas without any prese...
1 It's so dreadful to be poor!
2 I don't think it's fair for some girls to have...
3 We've got Father and Mother, and each other,
4 We haven't got Father, and shall not have him ...
Name: sentences, dtype: object
:little ng -3_9-645 [OIN) asL,al \./.&A:\
<>
little[ 'dialog'] = spoken
little
dialog sentences
Christmas won’t be Christmas without any “Christmas won’t be Christmas without any 0
prese... pres..
It’s so dreadful to be poor! “It’s so dreadful to be poor!” sighed Meg, loo... 1
I don’t think it’s fair for some girls to have... “I don’t think it’s fair for some girls to hav... 2
“We’ve got Father and Mother, and each
We’ve got Father and Mother, and each other, 8 Y 3
other,”...
We haven’t got Father, and shall not have him ... The four young faces on which the firelight sh... 4
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<>

print(little.loc[4, 'sentences'])

The four young faces on which the firelight shone brightened at the cheerful words, but darkened again as

<>

print(little.loc[4, 'dialog'])

We haven't got Father, and shall not have him for a long time.

by 09l § dedacill el pasdhe

4l e..\;'d.mj «DataFrame e Joadl e . ddaaidl pulaill ‘al..\;'d;.wb uay,a.db oDl Buaadl Jlgll ye AW )353 09l @ re 4.1.&@
SIL ad dudaeaidl pladl plustiwl o graill el dilas)

L haslre EbJS»: CJ&: JAS ua‘).d

L Laxsl G § pogaill lgs 24 JoE ooyl

SQL 9 dudsMall bl delgd


https://docs.python.org/3/library/re.html
https://pandas.pydata.org/pandas-docs/stable/text.html

dodde
JMI pz::ﬂububh;.]lcpdnul A.wa‘as)llulr- yMl&cMqu&wuhb&daWbW;uﬂ\y
dbb> ub\.uul.cdwhmaﬂuﬂb@ubw‘wuﬁbwwluhld\ﬁ‘dm‘ul)’l ¢ =l

&ﬁ\cb:uwcwumgdubwlha}‘wbl Mubw\;&k‘-ww)ﬁ Mw@\&w@wub[ﬂ\wﬂsﬂ
dde l.@,c'..\ml (mu.l L@,«S_)Lmj Le;.)l.u_w)’ mLm d.m).b )_93_\)5 l.:a..\>_9 w‘ lalall ly.l.c J.\Ja.d‘ﬁub)a "Sdublu.ll de)bM
U»}Uau.llw@yﬁwbww‘bﬁ.{@vﬂdluhloj\bodau\dm)‘sylbsh‘mdl49L¢| Al i ol oo Cakizeo

43 pusoie (el oda e Jaall .PostgreSQL of MySQL s «sblud! Laas) (RDBMS) &uasdlall bl delsd dolasd Jais Lo Bole
SQL Yo dyaniy 4adlall Wbl delgd e St ¢ haddl 1a § 090 oo I SQL pdlazdl

9553*&“ E.Sj.oﬁl

P95 U3 Olab 4 aSp Sl u&wgﬂuuﬁ@%w@«b}wubu\ws‘@uld ubbdlw@y:ts}w@ubwla.ulé
disylaS 5l 8 901l Cisyay Ted Codd 355 45 pl6 1969 ple (§ .ol laglaa) eliy Jai oye dalise diyhay o cologhae Laions
b dale) Ciuo 5§ dipme wlasde (e (Sg5 «Relations ©BMe (ol sl 4565 Jgluzr (§ dbgasme bl (ULl Ladx dale
Lo B oye das S dg\.leluuuuwlwksdlgAttrlbutesuM|uax@ss}w@w& (Tuples B gasmes oyl
£99 el

:purchases JUl SBMa)l Jgax RELHY

date purchased retailer product name
Jun-16-03 Best Buy iPod Samantha
Jul-16-08 Amazon Chromebook Timothy
Oct-16-02 Target Surface Pro Jason

.date purchased 9 name¢ products retailer Olewdl o d8Me iy Ciso (S cpurchases L;

8dasl Bl o sz purchases Jgda lakases Slbie o389 UL &155T BasIl slowd (e (s Relation schema <] Lakaso
02 e Sgi dgee 5s ol L»'a-ﬁ P99 ¢date purchased 9 name¢ producte retailer

REEIVESY éb.wi L; O] dl:dl geom] 292 prices QL:JI Gl Jgu

price product retailer
719.00 Galaxy S9 Best Buy
200.00 iPod Best Buy
450.00 iPad Amazon
24.87 Battery pack Amazon
249.99 Chromebook Amazon
215.00 iPod Target
799.00 Surface Pro Target
659.00 Google Pixel 2 Target
238.79 Chromebook Walmart
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I plasvi 2> LiSay .sqlalchemy &S plasal SBldl 8uel an Juolgill pgiius cgib & SQL pMaiul olsl daaiad

import sglalchemy

.SQL elol duasad pd.read_sq|

L Laasl sgl_basics.db @bl 8ueld Juosd

# pd.read_sql _sie Ji& engine Jis¥U oblail M), cllyll saely Ulay
sqlite_uri = "sqlite:///sql_basics.db"
sqlite_engine = sqlalchemy.create_engine(sqlite_uri)

<>

OBl 8ueld (Je read_sql AWl plasel SQL d f)k:u.w\ ),o| Pl oY prices =ly WM Jgux ULC ULl 8l (ggims
:DataFrame 2 &) L o3 c(RDBMS &dsHlall

sql_expr = """
SELECT *
FROM prices

pd.read_sql(sql_expr, sqlite_engine)

retailer
Best Buy
Best Buy
Amazon

Amazon

0

1

2

3

4 Amazon
5 Target
6 Target
7 Target
8

Walmart

product price
Galaxy S9 719
iPod 200
iPad 450
Battery pack 24.87
Chromebook 249.99
iPod 215
Surface Pro 799
Google Pixel 2 659
Chromebook 238.79

<>

& Lllaisg Gl Geimall Guis e G535 DataFrame HUSs Led 14U 5150 Jlgs 9 SQL wlodaiusl o Oyliius «Juaddl o 3 lasy

import pandas as pd

prices = pd.DataFrame([['Best Buy',

['Best Buy', 'iPod',
['Amazon', 'iPad', 450.00],
['Amazon', 'Battery pack',
[ "Amazon' K Chromebook

P . e at aae AAn

‘Galaxy S9°',
200.00],

719.001],

24.87],
, 249.99],

prices niiall

<>


http://docs.sqlalchemy.org/en/latest/core/tutorial.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.read_sql.html
https://alioh.github.io/ds-100-ar/files/chapter9/sql_basics.db

L larget , 1roa , 215.99],

['Target', 'Surface Pro', 799.00],
['Target', 'Google Pixel 2', 659.00],
[ ‘Walmart', 'Chromebook’, 238.79]],

columns=[ ‘retailer', 'product’,

retailer
Best Buy
Best Buy
Amazon
Amazon
Amazon
Target
Target
Target

00 N o U1 b W N P O

Walmart

SELECT [DISTINCT] <column expression list>
FROM <relation>

[WHERE <predicate>]

[GROUP BY <column list>]

[HAVING <predicate>]

[ORDER BY <column list>]

[LIMIT <number>]

‘price'])

product
Galaxy S9
iPod
iPad
Battery pack
Chromebook
iPod
Surface Pro
Google Pixel 2

Chromebook

price
719
200
450
24.87
249.99
215
799
659
238.79

SQL ylgf &S d,b
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ZOT sy

JFROM 3 SELECT e S Of o oo edlaiadl ol 095 bl yalsl ( [l BV J515] G o auer @

dnaall Gl o it oS emsllan ud 351 4SS O el e B8 o] By>b SQL & Ml yolgl SS Balall § o
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wun

sql_expr =
SELECT *
FROM prices

pd.read_sql(sql_expr, sqlite_engine)

retailer
Best Buy
Best Buy
Amazon
Amazon
Amazon
Target
Target
Target

00 N o U1 W N P O

Walmart

product
Galaxy S9
iPod
iPad
Battery pack
Chromebook
iPod

Surface Pro

Google Pixel 2

Chromebook

FROM 9 SELECT
1@ SQL wladlaial § OlaelIY 01eYl

)lghs) Wy al BlecYl oy SELECT ©

BaasYl Lgro ds @l Jghazl Ly duasg FROM @

591 Gudal cprices Jgdr Sgie puoz o2y

<>

price
719
200
450
24.87
249.99
215
799
659
238.79

:JWE Ldlsl pois cretailer Sgas Jadd (oya) BuecYl auazr W (o * SELECT pdlatusd)



sql_expr =
SELECT retailer
FROM prices

nun

pd.read_sql(sql_expr, sqlite_engine)

sql_expr = ""
SELECT DISTINCT(retailer)
FROM prices

00 N oo U1 A W N P O

pd.read_sql(sql_expr, sqlite_engine)

prices['retailer'].unique()

array(['Best Buy', 'Amazon',

w N -k O

<>

retailer
Best Buy
Best Buy
Amazon
Amazon
Amazon
Target
Target
Target

Walmart
IDISTINCT &8Lb p 3 oSS 093 Jadaadl § @l (256 Lyl 13]

<>

retailer

Best Buy
Amazon
Target

Walmart
:Qws 0555 3IL & M)l 1o LUS d,b

<>

‘Target', 'Walmart'], dtype=object)

P B3lell 0 (3 . po gl Jlgag cdmludl Glibaadl diylie dlgs o dlghula (Say (&1 Aol Allgy Gb Ly delsd ol S
Aol Algs il pllas IS of Lasls 1S5 L JIgall Jo grias Sy .Jlgall (e aiSIL dae L;’L_Jj Fle Ly delgd pllas cPostgreSQL

sql_expr = """
SELECT

12 o sl i) yaa dadiy poing (S B9y Ul Blead slowsl S Jgzmr JUI el

UPPER(retailer) AS retailer_caps,

product,
price / 2 AS half_price
FROM prices

pd.read_sql(sql_expr, sqlite_engine)

a A W N B O

retailer_caps

BEST BUY
BEST BUY
AMAZON
AMAZON
AMAZON
TARGET
TARGET

<>

product half_price
Galaxy S9 359.5
iPod 100
iPad 225
Battery pack 12.435
Chromebook 124.995
iPod 107.5
Surface Pro 399.5


https://www.postgresql.org/docs/9.2/static/functions.html

retailer_caps product half_price

7 TARGET Google Pixel 2 329.5
8 WALMART Chromebook 119.395
Sgaall pusls £ s o Y M (SI ik oway 3g0all gl S AS plusuity Alias o) 8ylatus Ol plasinl Wkl of 12>y
g&agl
WHERE

15008 oo JBT coloriiall Jadd slonl BT 13] e . bled) digns bog i dudd cpe USed WHERE

<>

sql_expr = """
SELECT *

FROM prices

WHERE price < 500

pd.read_sql(sql_expr, sqlite_engine)

retailer product price
0 Best Buy iPod 200
1 Amazon iPad 450
2 Amazon Battery pack 24.87
3 Amazon Chromebook 249.99
4 Target iPod 215
5 Walmart Chromebook 238.79

Battery pack e $si=53 Y #lly Amazon wlxiie e ) Sl .30 Sy Uodlasisl ) NOT 9 ANDe OR ploias! Lyl LiSay
: QU ezl S5 63008 ¢y J3T Loy

<>
sql_expr = """
SELECT *
FROM prices
WHERE retailer = 'Amazon’
AND NOT product = 'Battery pack'’
AND price < 300

pd.read_sql(sql_expr, sqlite_engine)

retailer product price
0 Amazon Chromebook 249.99
BIL 3 eI i HUSUs
<>
prices[(prices[‘retailer'] == 'Amazon')
& ~(prices['product'] == 'Battery pack')
& (prices['price'] <= 300)]
retailer product price
4 Amazon Chromebook 249.99

oY i 4 Ogib L é 089 <0 U8 SQL phasul & Chromebook (sl Juuluddl 03,01 caie 4ol Com 38 3929 Sl Lasdi
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iprices Jodr & Slamiinll gz Hlawd Jawgio dayd dzgil

<>

sql_expr = """
SELECT AVG(price) AS avg_price
FROM prices


https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.reset_index.html

pd.read_sql(sql_expr, sqlite_engine)

avg_price
0 395.072222

S 310 3
<>

prices['price'].mean()

395.0722222222222
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HAVING 9 GROUP BY
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<>
sql_expr = """
SELECT retailer, MAX(price) as max_price
FROM prices
GROUP BY retailer

wun

pd.read_sql(sql_expr, sqlite_engine)

retailer max_price
0 Amazon 450
1 Best Buy 719
2 Target 799
3 Walmart 238.79
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sql_expr = """
SELECT retailer, MAX(price) as max_price
FROM prices
GROUP BY retailer
HAVING max_price > 700
pd.read_sql(sql_expr, sqlite_engine)
retailer  max_price
0 Best Buy 719
1 Target 799
(08l ae &yl
<>

max_prices = prices.groupby('retailer"').max()
max_prices.loc[max_prices['price'] > 700, ['price']]

price
retailer


https://www.postgresql.org/docs/9.2/static/functions.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.groupby.html

price
Best Buy 719
Target 799

LIMIT 9 ORDER BY
FBldl (oye Ao (Soxidl (po A1 yolod1 USCad
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<>
sql_expr = """
SELECT *
FROM prices
ORDER BY price ASC
LIMIT 3

wun

pd.read_sql(sql_expr, sqlite_engine)

retailer product price
0 Amazon Battery pack 24.87
1 Best Buy iPod 200
2 Target iPod 215

50 g Aplaall SB[y Giebad iy SUldl W (i ORDER BY Y ASC 48L5Y 7zl of Wil JasY

<>

prices.sort_values('price').head(3)

retailer product price
3 Amazon Battery pack 24.87
1 Best Buy iPod 200
5 Target iPod 215
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pd.merge(tablel, table2, on='common_column')
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Joar 3 03988s cat_id 39as (3o 4 Aasdlly cnames Jgdar (0 035800 cat_id dgesll 3 3 dapdll .dgdar S (§ 039800 08 39 Ja>Y

colors
Colors Table Names Table
color cat_id name cat_id
orange 0 Apricot 0
black 1 Boots 1
calico 2 Cally 2
white 3 Eugene 4

J9dx Lo 09509 ccat_id dgead! plascinl nlsuzdl oy LiSes .cnlsuar (po doglan plasuinl lule o cApricot ewdl 93 Jadll og) sy
.color 9 name e (Sgiow i
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Inner Join
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INNER JOIN
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<>
SELECT ...
FROM <TABLE_1>
INNER JOIN <TABLE_ 2>
ON <...>
e
<S>
SELECT *

FROM names AS N
INNER JOIN colors AS C
ON N.cat_id = C.cat_id;

cat_id name cat_id color

0 0 Apricot 0 orange
1 1 Boots 1 black
2 2 Cally 2 calico
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pd.merge(names, colors, how='inner', on='cat_id")

Full/Outer Join
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<>
SELECT ...
FROM <TABLE_1>
FULL JOIN <TABLE_2>
ON <...>
Slie
<S>

SELECT name, color
FROM names N
FULL JOIN colors C
ON N.cat_id = C.cat_id;

cat_id name color
0 Apricot orange
1 Boots black
2 Cally calico
3 NULL white
4 Eugene NULL

Logll o Sledl dguznld Wgidlo) eied 331 095 Jgoar (3 5l ! dol 38 13] Lcat_id 3908 3 4 93 puddll ysal Dlgill Aol (3 2>
B3g2iall @l cpo Yo NULL
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pd.merge(names, colors, how='outer', on='cat_id")

Left Join
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LEFT JOIN
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<>
SELECT oo
FROM <TABLE_1>
LEFT JOIN <TABLE_2>
ON <...>
Slie
<>

SELECT name, color
FROM names N
LEFT JOIN colors C
ON N.cat_id = C.cat_id;

cat_id name color
0 Apricot orange
1 Boots black
2 Cally calico
4 Eugene NULL

Jod & cat_id JI puis e (Ae S35 names J9dr & cat_id padll (oo &5 . Jaladl) slowsl apez (Ao St (gl Jod! OF 12>y
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pd.merge(names, colors, how='left', on='cat_id')

Right Join
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<>
SELECT oo
FROM <TABLE_1>
RIGHT JOIN <TABLE_2>
ON <...>
Slie
<>

ELECT name, color
FROM names N



RIGHT JOIN colors C
ON N.cat_id = C.cat_id;

cat_id name

0 Apricot
1 Boots
2 Cally
3

NULL

color
orange

black

calico

white

names Jgda cat_id 3gac § G:lae Lol colors Jgdam cat_id 3geall § eatll o 236016091 oz gl 3lgidl Jgdandl cByedl 0da
NULL Azl (252 @llas ol d) dze o) s gsl)l L (white) @lae dad @ u>lg dady

pd.merge(names, colors, how='right', on='cat_id')

Db §
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Implicit Inner Join

LUSY 3 dyb e g Slis Jox) 4l (30 58T dzrgn 05l 3 S Loled SQL (§ dpms dnis Sl Ayl 0 ST dz g3 Bale
Implicit Join s« Inner Join < ledasi

SELECT *

FROM names AS N
INNER JOIN colors AS C
ON N.cat_id = C.cat_id;

:JW sl ) Tle LS’

<>

b adly (Wgdar o Jaolsdll lged pusiw FORM OF Ja>Y L INNER JOIN 0959 calizes s 0550 o3l o USY Implicit (5,391 dilall

SELECT *
FROM names AS N, colors AS C
WHERE N.cat_id = C.cat_id;

tdas )l bog & ddsw WHERE

<>

Slie colguaddl MG Slaw ' e Sgim Jgdx sLadh SQL pods ‘FORM‘jde?QAjST pldseiwl die

sql_expr = """
SELECT *

FROM names N, colors C

wun

pd.read_sql(sql_expr, sqlite_engine)

cat_id name

0 0 Apricot
1 0 Apricot
2 0 Apricot
3 0 Apricot
4 1 Boots
5 1 Boots
6 1 Boots
7 1 Boots
8 2 Cally
9 2 Cally
10 2 Cally
11 2 Cally
12 4 Eugene
13 4 Eugene
14 4 Eugene

cat_id

0
1
2
3
0
1
2
8
0
1
2
8
0
1
2

color
orange
black
calico
white
orange
black
calico
white
orange
black
calico
white
orange
black

calico

<>



cat_id name cat_id color
15 4 Eugene 3 white
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SELECT *
FROM names AS N, colors AS C
WHERE N.cat_id = C.cat_id;
cat_id name cat_id color

0 0 Apricot 0 orange

1 1 Boots 1 black

2 2 Cally 2 calico

Jodx oo AST Jayy

slaball HlaeYl Jod Slie .JOIN ooyl yolol FROM piiedl e Cias cJgdr oo ST o)

age cat_id
4 0
1
9 2
20 4
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<>
sql_expr = """
SELECT name, color, age
FROM names n
INNER JOIN colors c ON n.cat_id = c.cat_id
INNER JOIN ages a ON n.cat_id = a.cat_id;
pd.read_sql(sql_expr, sqlite_engine)
name color age
0 Apricot orange 4
1 Boots black 3
2 Cally calico 9
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<>
import seaborn as sns
tips = sns.load_dataset('tips')
tips
total_bill tip sex smoker day time size
0 16.99 1.01 Female No Sun Dinner 2
1 10.34 1.66 Male No Sun Dinner 3
2 21.01 3.5 Male No Sun Dinner 3
241 22.67 2 Male Yes Sat Dinner 2
242 17.82 1.75 Male No Sat Dinner 2
243 18.78 3 Female No Thur Dinner 2
244 rows x 7 columns
<>

sns.distplot(tips['tip'], bins=np.arange(@, 10.1, 0.25), rug=True)
plt.xlabel('Tip Amount in Dollars')
plt.ylabel('Proportion per Dollar');
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tips['pcttip'] = tips['tip'] / tips['total_bill'] * 1e@
sns.distplot(tips['pcttip'], rug=True)
plt.xlabel('Percent Tip Amount')

plt.ylabel('Proportion per Percent');
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sns.distplot(tips['pcttip'], bins=np.arange(30), rug=True)
plt.xlim(@, 30)
plt.xlabel('Percent Tip Amount')
plt.ylabel('Proportion per Percent');
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sns.distplot(tips['pcttip'], bins=np.arange(30), rug=True)
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Xx1im(v, 39)
xlabel('Percent Tip Amount')
ylabel('Proportion per Percent');
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.distplot(tips['pcttip'], bins=np.arange(30), rug=True)

axvline(x=10, c='darkblue', linestyle='--', label=r'$ \theta = 10%')
axvline(x=15, c='darkgreen', linestyle='--', label=r'$ \theta = 15%')
legend()

xlim(@, 30)
xlabel('Percent Tip Amount')
ylabel('Proportion per Percent');
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sns.distplot(tips['pcttip'], bins=np.arange(30), rug=True)

plt.axvline(x=10, c='darkblue', linestyle='--', label=r'$ \theta = 10%')
plt.axvline(x=15, c='darkgreen', linestyle='--', label=r'$ \theta = 15%')

plt.legend()

plt.xlim(@,
plt.xlabel(
plt.ylabel(

30)

'Percent Tip Amount')
'Proportion per Percent');
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def mse_loss(theta, y_vals):
return np.mean((y_vals - theta) ** 2)
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def try_thetas(thetas, y_vals, xlims, loss_fn=mse_loss, figsize=(10, 7), cols=3):
if not isinstance(y_vals, np.ndarray):
y_vals = np.array(y_vals)

rows =

int(np.ceil(len(thetas) / cols))

plt.figure(figsize=figsize)
for i, theta in enumerate(thetas):

ax =

sns

plt.
plt.

plt

plt.subplot(rows, cols, i + 1)

.rugplot(y_vals, height=0.1, ax=ax)
plt.

axvline(theta, linestyle='--",

label=rf'$ \theta = {theta} $')
title(f'Loss = {loss_fn(theta, y_vals):.2f}")
x1im(*x1ims)

.yticks([])
plt.

legend()

plt.tight_layout()



try_thetas(thetas=[11, 12, 13, 14, 15, 16],
y_vals=[14], xlims=(10, 17))
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try_thetas(thetas=[12, 13, 14, 15, 16, 17],

y_vals=[11, 12, 15, 17, 18],
xlims=(10.5, 18.5))
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import numpy as np

import matplotlib.pyplot as plt

import pandas as pd

import seaborn as sns

%matplotlib inline

import ipywidgets as widgets

from ipywidgets import interact, interactive, fixed, interact_manual



def try_thetas_interact(theta, y_vals, xlims, loss_fn=mse_loss):
if not isinstance(y_vals, np.ndarray):
y_vals = np.array(y_vals)
plt.figure(figsize=(4, 3))
sns.rugplot(y_vals, height=0.1)
plt.axvline(theta, linestyle='--')
plt.xlim(*x1lims)
plt.yticks([])
print(f'Loss for theta = {theta}: {loss_fn(theta, y_vals):.2f}")

def mse_interact(theta, y_vals, xlims):
plot = interactive(try_thetas_interact, theta=theta,

y_vals=fixed(y_vals), xlims=fixed(xlims),
loss_fn=fixed(mse_loss))
plot.children[-1].layout.height = '240px’
return plot

mse_interact(theta=(12, 17, 0.2),

y_vals=[11, 12, 15, 17, 18],
xlims=(10.5, 18.5))
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try_thetas(thetas=np.arange(14.5, 17.1, 0.5),
y_vals=tips[ 'pcttip'],
xlims=(0, 30))
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mse_interact(theta=(13, 17, 0.25),

y_vals=tips['pcttip'],
xlims=(0, 30))

theta 14.25

Loss for theta = 14.25: 40.50
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try_thetas(thetas=[12, 13, 14, 15, 16, 17],
y_vals=[11, 12, 15, 17, 18],
x1lims=(10.5, 18.5))
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thetas = np.array([12, 13, 14, 15, 16, 17])
y_vals = np.array([11, 12, 15, 17, 18])

losses = [mse_loss(theta, y_vals) for theta in thetas]
plt.scatter(thetas, losses)
plt.title(r'Loss vs. $ \theta $ when $\bf{y}$$ = [11, 12, 15, 17, 18] $')

plt.xlabel(r'$ \theta $ Values')
plt.ylabel('Loss');

Lossvs. 8 wheny =[11, 12, 15,17, 18]
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thetas = np.arange(12, 17.1, 0.05)
y_vals = np.array([11, 12, 15, 17, 18])
losses = [mse_loss(theta, y_vals) for theta in thetas]

plt.plot(thetas, losses)

plt.title(r'Loss vs. $ \theta $ when $\bf{y}$$ = [11, 12, 15, 17, 18] $')
plt.xlabel(r'$ \theta $ Values')

plt.ylabel('Loss');



Lossvs. 8 wheny =[11, 12, 15,17, 18]
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np.mean(tips[ 'pcttip'])
16.08025817225047
o A
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sns.distplot(tips['pcttip'], bins=np.arange(30), rug=True)
plt.axvline(x=16.08, c='darkblue', linestyle='--', label=r'$ \hat \theta = 16.08%"')
plt.legend()
plt.xlim(@, 30)
plt.title('Distribution of tip percent')
plt.xlabel('Percent Tip Amount')
plt.ylabel('Proportion per Percent');
Distribution of tip percent
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tips = sns.load_dataset('tips"')
tips['pcttip'] = tips['tip'] / tips['total_bill'] * 1ee

def mse_loss(theta, y_vals):

return np.mean((y_vals - theta) ** 2)
def abs_loss(theta, y_vals):
return np.mean(np.abs(y_vals - theta))

def
if not isinstance(y_vals, np.ndarray):
y_vals = np.array(y_vals)
rows = int(np.ceil(len(thetas) / cols))
plt.figure(figsize=figsize)
for i, theta in enumerate(thetas):
ax = plt.subplot(rows, cols, i + 1)
sns.rugplot(y_vals, height=0.1, ax=ax)
plt.axvline(theta, linestyle='--',
label=rf'$ \theta = {theta} $')
plt.title(f'MSE = {mse_loss(theta, y_vals):.2f}\n’
f'MAE = {abs_loss(theta, y_vals):.2f}")
plt.xlim(*x1ims)
plt.yticks([])
plt.legend()
plt.tight_layout()

compare_mse_abs(thetas=[11, 12, 13, 14, 15, 16],
y_vals=[14], xlims=(10, 17))

<>

compare_mse_abs(thetas, y_vals, xlims, figsize=(10, 7), cols=3):

<>
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thetas
y_vals
mse_losses =
abs_losses =

np.array([12, 13, 14, 15, 16, 17])
np.array([12.1, 12.8, 14.9, 16.3, 17.2])
[mse_loss(theta, y_vals) for theta in thetas]
[abs_loss(theta, y_vals) for theta in thetas]

plt.scatter(thetas, mse_losses, label="MSE')

plt.scatter(thetas, abs_losses, label='MAE')

plt.title(r'Loss vs. $ \theta $ when $ \bf{y}$$= [ 12.1, 12.8, 14.9, 16.3, 17.2 ] $')
plt.xlabel(r'$ \theta $ Values')

plt.ylabel('Loss"')

plt.legend();
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thetas = np.arange(12, 17.1, 0.05)

y_vals = np.array([12.1, 12.8, 14.9, 16.3, 17.2])
mse_losses = [mse_loss(theta, y vals) for theta in thetas]
abs_losses [abs_loss(theta, y_vals) for theta in thetas]

plt.plot(thetas, mse_losses, label='MSE')

plt.plot(thetas, abs_losses, label='MAE')

plt.title(r'Loss vs. $ \theta $ when $ \bf{y}$$ = [ 12.1, 12.8, 14.9, 16.3, 17.2 ] $')
plt.xlabel(r'$ \theta $ Values')

plt.ylabel('Loss"')

plt.legend();
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thetas = np.arange(12, 17.1, 0.05)

y_vals = np.array([12.1, 12.8, 14.9, 16.3, 17.2])
mse_losses = [mse_loss(theta, y_vals) for theta in thetas]
abs_losses [abs_loss(theta, y_vals) for theta in thetas]

plt.figure(figsize=(7, 5))

plt.plot(thetas, mse_losses, label='MSE')

plt.plot(thetas, abs_losses, label="MAE')

plt.axvline(np.mean(y_vals), c=sns.color_palette()[0], linestyle='--',
alpha=0.7, label='Minimum MSE')

plt.axvline(np.median(y_vals), c=sns.color_palette()[1], linestyle='--",
alpha=0.7, label='Minimum MAE')

plt.title(r'Loss vs. $ \theta $ when $ \bf{y}$$ = [ 12.1, 12.8, 14.9, 16.3, 17.2 ] $")
plt.xlabel(r'$ \theta $ Values')

plt.ylabel('Loss"')

plt.ylim(1.5, 5)

plt.legend()

plt.tight_layout();
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def compare_mse_abs_curves(y3=14):
thetas = np.arange(11.5, 26.5, 0.1)
y_vals = np.array([12, 13, y3])

mse_losses = [mse_loss(theta, y_vals) for theta in thetas]
abs_losses = [abs_loss(theta, y_vals) for theta in thetas]
mse_abs_diff = min(mse_losses) - min(abs_losses)

mse_losses = [loss - mse_abs_diff for loss in mse_losses]

plt.figure(figsize=(9, 2))

ax = plt.subplot(121)
sns.rugplot(y_vals, height=0.3, ax=ax)
plt.x1im(11.5, 26.5)
plt.xlabel( 'Points")

ax = plt.subplot(122)

plt.plot(thetas, mse_losses, label='MSE")
plt.plot(thetas, abs_losses, label='MAE')
plt.x1im(11.5, 26.5)

plt.ylim(min(abs_losses) - 1, min(abs_losses) + 10)
plt.xlabel(r'$ \theta $')

plt.ylabel('Loss")

plt.legend()

interact(compare_mse_abs_curves, y3=(14, 25));
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def points_and_loss(y_vals, xlim, loss_fn=abs_loss):
thetas = np.arange(x1im[@], x1im[1] + ©.01, ©.05)
abs_losses = [loss_fn(theta, y_vals) for theta in thetas]

plt.figure(figsize=(9, 2))



ax = plt.subplot(121)
sns.rugplot(y_vals, height=0.3, ax=ax)
plt.xlim(*x1im)

plt.xlabel('Points")

ax = plt.subplot(122)
plt.plot(thetas, abs_losses)
plt.x1lim(*x1im)
plt.xlabel(r'$ \theta $')
plt.ylabel('Loss")

points_and_loss(np.array([10, 11, 12, 14, 15]), (9, 16))
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points_and_loss(np.array([10, 11, 14, 15]), (9, 16))
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points_and_loss(np.array([10, 11, 14, 15]), (9, 16), mse_loss)

01 15
0.0 5
, :3 10
0.1 ‘ ‘ | ‘ 5
10 12 14 16
Points

<>

IMSE pusuind bedie ¢l 3uday Vg

<>

MAE 9 MSE e

Al MAE (S e B3N GULAI o S i 315 LSy Blasdl slomyls plasiwdl Jgul MSE U gl A3 3 ©litinls ldss
sl I3 W gl Jaugrall e B3LaJI @l 136 U5 Lo gl 0 125Y 6 = median(y) o MAE Js <6 = mean(y) ol <MSE J

\MAE 5 MSE &)Ll (15 eling Cisya3

(595 ULl § Bladl sde O3S e § g i) AST 0580 0 Sy ol b giall lggd cdaliin 6 Lgpd MISE o Lol

Huber 8)luwsd! dls

QU3 Jais 3Ll 0l 35 Vg Blanadl dbld 8)lus Al U 05530 MAE 9 MSE o a9 Huber 1 Lale gllay &1 85Lusdl &l
Lol el e B 0 08 0555 Ladie MAE ) wicdly Lol ol (o dyd 055 Lotis 6 @) MSE &l L3ty Jandl 33,1 e Huber &l

3Ly § dass JSI Huber 8lus S bawgiall 337 3,5 ¢y 8yl dls Lads « Il 3 LS

10 J dakize 08 poy = [14] e Ble Wbk 0555 Leie Hurber 8;lusdl dls dis 54

<>



def huber_loss(est, y_obs, alpha = 1):
d = np.abs(est - y_obs)
return np.where(d < alpha,
(est - y_obs)**2 / 2.0,

alpha * (d - alpha / 2.9))

thetas = np.linspace(@, 50, 200)

loss = huber_loss(thetas, np.array([14]), alpha=5)

plt.plot(thetas, loss, label="Huber Loss")
plt.vlines(np.array([14]), -20, -5,colors="r", label="Observation")
plt.xlabel(r"Choice for $\theta$")

plt.ylabel(r"Loss")

plt.legend()

# <ale & dsmll Lis PDF

plt.savefig('huber_loss.pdf")
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loss = huber_loss(thetas, np.array([14]), alpha=1)

plt.plot(thetas, loss, label="Huber Loss")
plt.vlines(np.array([14]), -20, -5,colors="r", label="Observation")
plt.xlabel(r"Choice for $\theta$")

plt.ylabel(r"Loss")

plt.legend()

# <l b dagl) Lis PDF

plt.savefig('huber_loss.pdf")
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loss = huber_loss(thetas, np.array([14]), alpha=10)
plt.plot(thetas, loss, label="Huber Loss")
plt.vlines(np.array([14]), -20, -5,colors="r", label="Observation")
plt.xlabel(r"Choice for $\theta$")

plt.ylabel(r"Loss")

plt.legend()

# <ale 8 dsll his PDF

plt.savefig('huber_loss.pdf")
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pts = np.array([12, 13, 15, 16, 17])
points_and_loss(pts, (11, 18), mse)
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def mse(theta, y_vals):
return np.mean((y_vals - theta) ** 2)

def points_and_loss(y_vals, x1lim, loss_fn):
thetas = np.arange(xlim[@], x1im[1] + ©.01, 0.05)
losses = [loss_fn(theta, y _vals) for theta in thetas]

plt.figure(figsize=(9, 2))

ax = plt.subplot(121)
sns.rugplot(y_vals, height=0.3, ax=ax)
plt.xlim(*x1im)

plt.title('Points")

plt.xlabel('Tip Percent')

ax = plt.subplot(122)
plt.plot(thetas, losses)
plt.xlim(*x1im)
plt.title(loss_fn.__name_ )
plt.xlabel(r'$ \theta $')
plt.ylabel('Loss"')
plt.legend()
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def simple_minimize(loss_fn, dataset, thetas):
Lo o Al odgd Adlell 4l @ (e af B Gn e O Bl JEYI @3

losses = [loss_fn(theta, dataset) for theta in thetas]
return thetas[np.argmin(losses)]
:simple_minimize Ay § galissivly MSE ded sz dls CBypas o
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def mse(theta, dataset):
return np.mean((dataset - theta) ** 2)

dataset = np.array([12, 13, 15, 16, 17])
thetas = np.arange(12, 18, 0.1)

simple_minimize(mse, dataset, thetas)
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# Lo gl Al 4l alay
np.mean(dataset)

14.6

def huber_loss(theta, dataset, alpha = 1):
d = np.abs(theta - dataset)

return np.mean(

np.where(d < alpha,
(theta - dataset)**2 / 2.0,
alpha * (d - alpha / 2.0))

)

points_and_loss(pts, (11, 18), huber_loss)
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simple_minimize(huber_loss, dataset, thetas)
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tips = sns.load_dataset('tips')

tips['pcttip'] = tips['tip'] / tips['total_bill'] * 100

tips.head()
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pcttip
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simple_minimize(huber_loss, tips['pcttip'], thetas)

15.499999999999988
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print(f" MSE: theta_hat = {tips['pcttip'].mean():.2f}")
print(f" MAE: theta_hat = {tips['pcttip'].median():.2f}")
print(f" Huber loss: theta_hat = 15.50")

MSE: theta_hat = 16.08
MAE: theta_hat = 15.48
Huber loss: theta_hat = 15.50
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sns.distplot(tips['pcttip'], bins=50);
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dataset = np.array([12, 13, 15, 16, 17])
thetas = np.arange(12, 18, 0.1)

simple_minimize(mse, dataset, thetas)
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simple_minimize(loss_fn, dataset, thetas)


https://machinelearningmastery.com/gradient-descent-for-machine-learning/
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minimize(loss_fn, dataset)
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pts = np.array([12.1, 12.8, 14.9, 16.3, 17.2])
plot_loss(pts, (11, 18), mse)
plot_theta_on_loss(pts, 12, mse)
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def plot_loss(y_vals, xlim, loss_fn):
thetas = np.arange(xlim[@], x1im[1] + ©.01, ©.05)
losses = [loss_fn(theta, y _vals) for theta in thetas]
plt.figure(figsize=(5, 3))

plt.plot(thetas, losses, zorder=1)

plt.xlim(*x1im)

plt.title(loss_fn.__name_ )

plt.xlabel(r'$ \theta $')

plt.ylabel('Loss")

def plot_theta_on_loss(y_vals, theta, loss_fn, **kwargs):
loss = loss_fn(theta, y_vals)
default_args = dict(label=r'$ \theta $', zorder=2,
$=200, c=sns.xkcd_rgb['green'])
plt.scatter([theta], [loss], **{**default_args, **kwargs})

def plot_tangent_on_loss(y_vals, theta, loss_fn, eps=le-6):
slope = ((loss_fn(theta + eps, y vals) - loss_fn(theta - eps, y_vals))
/ (2 * eps))
Xs = np.arange(theta - 1, theta + 1, 0.05)
ys = loss_fn(theta, y_vals) + slope * (xs - theta)
plt.plot(xs, ys, zorder=3, c=sns.xkcd_rgb['green'], linestyle='--')
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pts = np.array([12.1, 12.8, 14.9, 16.3, 17.2])
plot_loss(pts, (11, 18), mse)
plot_tangent_on_loss(pts, 12, mse)
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pts = np.array([12.1, 12.8, 14.9, 16.3, 17.2])

plot_loss(pts, (11, 18), mse)
plot_tangent_on_loss(pts, 16.5, mse)
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pts = np.array([12.1, 12.8, 14.9, 16.3, 17.2])

plot_loss(pts, (11, 18), mse)

plot_theta_on_loss(pts, 12, mse, c='none',
edgecolor=sns.xkcd_rgb['green'], linewidth=2)

plot_theta_on_loss(pts, 17.32, mse)
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plot_one_gd_iter(pts, 12, mse, grad_mse)

old theta: 12
new theta: 13.596
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def plot_one_gd_iter(y_vals, theta, loss_fn, grad_loss, alpha=0.3):
new_theta = theta - alpha * grad_loss(theta, y_vals)
plot_loss(pts, (11, 18), loss_fn)
plot_theta_on_loss(pts, theta, loss_fn, c='none’,

edgecolor=sns.xkcd_rgb[ 'green'], linewidth=2)

plot_theta_on_loss(pts, new_theta, loss_fn)
print(f'old theta: {theta}')
print(f'new theta: {new_theta}"')

def grad_mse(theta, y_vals):
return -2 * np.mean(y_vals - theta)
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plot_one_gd_iter(pts, 13.60, mse, grad_mse)

old theta: 13.6
new theta: 14.236
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plot_one_gd_iter(pts, 14.24, mse, grad_mse)
old theta: 14.24
new theta: 14.492
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plot_one_gd_iter(pts, 14.49, mse, grad_mse)
old theta: 14.49
new theta: 14.592
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def minimize(loss_fn, grad_loss_fn, dataset, alpha=0.2, progress=True):

sobeall Al e Jalill BGEY) Jy 3l aadid 1oss_fn.
J soall aedll Al W x5 theta_hat (874) 058 Leie
S G 9.001 e Ji sl
theta = 0@
while True:
if progress:
print(f'theta: {theta:.2f} | loss: {loss_fn(theta, dataset):.2f}')
gradient = grad_loss_fn(theta, dataset)
new_theta = theta - alpha * gradient

if abs(new_theta - theta) < 0.001:
return new_theta

theta = new_theta
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def mse(theta, y_vals):
return np.mean((y_vals - theta) ** 2)

def grad_mse(theta, y_vals):
return -2 * np.mean(y_vals - theta)

y = [12.1,12.8,14.9,16.3, 17.2] 4l 0Ll 39 0 ded Gl minimize AW pliseinl biSey dys
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%ktime

theta = minimize(mse, grad_mse, np.array([12.1, 12.8, 14.9, 16.3, 17.2]))
print(f'Minimizing theta: {theta}')

print()

theta: 0.00 | loss: 218.76
theta: 5.86 | loss: 81.21
theta: 9.38 | loss: 31.70
theta: 11.49 loss: 13.87
theta: 12.76 | loss:
theta: 13.52 loss:
theta: 13.98 loss:
theta: 14.25 loss:
theta: 14.41 | loss:
theta: 14.51 | loss:
theta: 14.57 loss:
theta: 14.61 loss:
theta: 14.63 loss:
theta: 14.64 | loss:
theta: 14.65 loss:
theta: 14.65 loss:
theta: 14.66 | loss:
theta: 14.66 | loss:
Minimizing theta: 14.658511131035242
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CPU times: user 7.88 ms, sys: 3.58 ms, total: 11.5 ms
Wall time: 8.54 ms
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np.mean([12.1, 12.8, 14.9, 16.3, 17.2])

14.66
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<>

tips = sns.load_dataset('tips")
tips['pcttip'] = tips['tip'] / tips['total_bill'] * 100

1 JUWE 8523 Huber 8)lusdl dlls
Ls(o )_l [ 3 (i — 0)? lyi — 0] <6
"y = —~ | 6(lyi — 6] — éé) otherwise

:Huber 4l §lasdl Jgsily
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VoLs(0,y) = n { —& -sign(y; — 6) otherwise

i=1
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def huber_loss(theta, dataset, delta = 1):
d = np.abs(theta - dataset)
return np.mean(
np.where(d <= delta,
(theta - dataset)**2 / 2.0,
delta * (d - delta / 2.0))
)

def grad_huber_loss(theta, dataset, delta = 1):
d = np.abs(theta - dataset)
return np.mean(
np.where(d <= delta,
-(dataset - theta),
-delta * np.sign(dataset - theta))
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<>
%%time
theta = minimize(huber_loss, grad_huber_loss, tips['pcttip'], progress=False)
print(f'Minimizing theta: {theta}')
print()

Minimizing theta: 15.506849531471964

CPU times: user 194 ms, sys: 4.13 ms, total: 198 ms
Wall time: 208 ms
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pts = np.array([@])
plot_loss(pts, (-23, 25), quartic_loss)
plot_theta_on_loss(pts, -21, quartic_loss)
quartic_loss
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plot_one_gd_iter(pts, -21, quartic_loss, grad_quartic_loss)
old theta: -21
new theta: -9.944999999999999
quartic_loss
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w
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plot_one_gd_iter(pts, -9.9, quartic_loss, grad_quartic_loss)
old theta: -9.9
new theta: -12.641412
quartic_loss
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w
w
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plot_one_gd_iter(pts, -12.6, quartic_loss, grad_quartic_loss)



old theta: -12.6
new theta: -14.162808
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plot_one_gd_iter(pts, -14.2, quartic_loss, grad_quartic_loss)

old theta: -14.2
new theta: -14.497463999999999

quartic_loss
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<>

def quartic_loss(theta, y_vals):
return np.mean(1/5000 * (y_vals - theta + 12) * (y_vals - theta + 23)
* (y_vals - theta - 14) * (y_vals - theta - 15) + 7)

def grad_quartic_loss(theta, y_vals):

return -1/2500 * (2 *(y_vals - theta)**3 + 9*(y_vals - theta)**2
- 529%(y_vals - theta) - 327)
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pts = np.array([-2, -1, 1])
plot_loss(pts, (-5, 5), mse)
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pts = np.array([-1, 1])
plot_loss(pts, (-5, 5), abs_loss)

abs_loss
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def abs_loss(theta, y_vals):
return np.mean(np.abs(y_vals - theta))
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pts = np.array([0])

plot_loss(pts, (-23, 25), quartic_loss)
plot_connected_thetas(pts, -12, 12, quartic_loss)


https://www.mathsisfun.com/algebra/inequality.html
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def plot_connected_thetas(y_vals, theta_1, theta_2, loss_fn, **kwargs):
plot_theta_on_loss(y_vals, theta_1, loss_fn)
plot_theta_on_loss(y_vals, theta_2, loss_fn)
loss_1 = loss_fn(theta_1, y_vals)
loss_2 = loss_fn(theta_2, y_vals)
plt.plot([theta_1, theta_2], [loss_1, loss_2])
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pts = np.array([0])
plot_loss(pts, (-23, 25), mse)
plot_connected_thetas(pts, -12, 12, mse)
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def minimize_sgd(loss_fn, grad_loss_fn, dataset, alpha=0.2):
Solall Al e JlEll S sdall SE2Y) J550 a358 loss_fn
d gomall dadll dagmll 55 0 oS Ledie
0.001 oo JB <l Gn G

NUM_OBS = len(dataset)

theta = 0

np.random.shuffle(dataset)

while True:

for i in range(©, NUM_OBS, 1):

rand_obs = dataset[i]
gradient = grad_loss_fn(theta, rand_obs)
new_theta = theta - alpha * gradient

if abs(new_theta - theta) < 0.001:
return new_theta

theta = new_theta
np.random.shuffle(dataset)
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def minimize_mini_batch(loss_fn, grad_loss_fn, dataset, minibatch_size, alpha=0.2):

Soledll Ay e QN 5 phaa cilady S sdall AEAY) J550 L0355 Joss_fn
d gomall dadll dagmll 55 0 05K Ledie

0.001 oo Ji LS Gu A

NUM_OBS = len(dataset)

assert minibatch_size < NUM_OBS

theta = 0@
np.random.shuffle(dataset)
while True:
for i in range(@, NUM_OBS, minibatch_size):
mini_batch = dataset[i:i+minibatch_size]
gradient = grad_loss_fn(theta, mini_batch)
new_theta = theta - alpha * gradient

if abs(new_theta - theta) < 0.001:
return new_theta

theta = new_theta
np.random.shuffle(dataset)
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<>

tips = sns.load_dataset('tips"')
tips.head()



total_bill tip sex smoker  day time size

0 16.99 1.01 Female No Sun Dinner 2
1 10.34 1.66 Male No Sun Dinner 3
2 21.01 35 Male No Sun Dinner 3
3 23.68 3.31 Male No Sun Dinner 2
4 24.59 3.61 Female No Sun Dinner 4
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sns.distplot(tips['tip'], bins=25);
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<>
np.mean(tips['tip'])

2.9982786885245902
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sns.lmplot(x="'total_bill', y='tip', data=tips, fit_reg=False)
plt.title('Tip amount vs. Total Bill')

plt.xlabel('Total Bill')
plt.ylabel('Tip Amount');

Tip amount vs. Total Bill
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simple_linear_model(thetas, x_vals):
Pl phaall e axiiall 4edll oa Alld) el Aag' 't
return thetas[@] + thetas[1] * x_vals

mse_loss(thetas, x_vals, y_vals):
return np.mean((y_vals - simple_linear_model(thetas, x_vals)) ** 2)
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grad_mse_loss(thetas, x_vals, y vals):

n = len(x_vals)

grad_0 = y_vals - simple_linear_model(thetas, x_vals)

grad_1 = (y_vals - simple_linear_model(thetas, x_vals)) * x_vals
return -2 / n * np.array([np.sum(grad_0), np.sum(grad_1)])
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minimize(loss_fn, grad_loss_fn, x_vals, y_vals,
alpha=0.0005, progress=True):
# 5okal) Al e Julll SEaY) gy aasiis loss_fn.
# J gorall 4adll Al W 5 theta_hat (67) 058 Laie
# LS Gn 0.001 (e I
theta = np.array([0., 0.])
loss = loss_fn(theta, x_vals, y_vals)
while True:
if progress:
print(f'theta: {theta} | loss: {loss}')
gradient = grad_loss_fn(theta, x_vals, y vals)



new_theta = theta - alpha * gradient
new_loss = loss_fn(new_theta, x_vals, y_vals)

if abs(new_loss - loss) < 0.0001:
return new_theta

theta = new_theta
loss = new_loss
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thetas = minimize(mse_loss, grad_mse_loss, tips['total_bill'], tips['tip'])

theta: [0. ©.] | cost: 10.896283606557377
theta: [0. 0.07] | cost: 3.8937622006094705
theta: [@. ©.1] | cost: 1.9359443267168215
theta: [0.01 ©.12] | cost: 1.388538448286097
theta: [0.01 0.13] | cost: 1.235459416905535
theta: [0.01 0.14] | cost: 1.1926273731479433
theta: [0.01 0.14] | cost: 1.1806184944517062
theta: [0.01 0.14] | cost: 1.177227251696266
theta: [0.01 0.14] | cost: 1.1762453624313751
theta: [0.01 0.14] | cost: 1.1759370980989148
theta: [0.01 0.14] | cost: 1.175817178966766
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x_vals = np.array([0, 55])

sns.lmplot(x="'total_bill', y='tip', data=tips, fit_reg=False)
plt.plot(x_vals, simple_linear_model(thetas, x_vals), c='goldenrod')
plt.title('Tip amount vs. Total Bill')

plt.xlabel('Total Bill")

plt.ylabel('Tip Amount');

Tip amount vs. Total Bill
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https://alioh.github.io/ds-100-ar/files/chapter13/mpg.csv
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mpg = pd.read_csv('mpg.csv').dropna().reset_index(drop=True)
mpg

mpg cylinders displacement ... model year origin car name
0 18 8 307 70 1 chevrolet chevelle malibu
1 15 8 350 70 1 buick skylark 320
2 18 8 318 70 1 plymouth satellite
389 32 4 135 82 1 dodge rampage
390 28 4 120 82 1 ford ranger
391 31 4 119 82 1 chevy s-10

392 rows x 9 columns

15lnd) Gyl 855 5 Lacic i 333501 B O sy Stin 258510 Bl oo e 352 ki oo ST 0 W kg

<>

sns.lmplot(x="horsepower', y='mpg', data=mpg);
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sns.lmplot(x="'model year', y='mpg', data=mpg);

70 72 74 76 78 B0 82
model year
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mpg.loc[0:0, ['horsepower', ‘weight', 'model year']]

horsepower weight model year
0 130.0 3504.0 70

x = [130.0, 3504.0, 70] :@:ladl Jganll (y0 &a3 I @il e Jaid (55i55 X OF 1S5 S e gtl) BhasI! slowel Ll Jliall 1 (8
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mpg_mat = mpg.assign(bias=1)
mpg_mat.loc[@:0, ['bias', 'horsepower', 'weight', 'model year']]

bias horsepower weight model year
0 1 130.0 3504.0 70
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mpg_mat = mpg.assign(bias=1)
mpg_mat.loc[@:4, ['bias', 'horsepower', 'weight', 'model year']]

bias horsepower weight model year

0 1 130.0 3504.0 70
1 1 165.0 3693.0 70
2 1 150.0 3436.0 70
g 1 150.0 3433.0 70
4 1 140.0 3449.0 70
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def linear_model(thetas, X):
'''Returns predictions by a linear model on x_vals.'"'

return X @ thetas

def mse_loss(thetas, X, y):
return np.mean((y - linear_model(thetas, X)) ** 2)



det grad_mse_loss(thetas, X, y):
n = len(X)
return -2 / n * X.T@yYy - X.T@ X @ thetas)
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X = (mpg_mat
.loc[:, ['bias', 'horsepower', 'weight', 'model year']]
.to_numpy())

y = mpg_mat[ 'mpg'].to_numpy()

thetas = minimize(mse_loss, grad_mse_loss, X, y)
print(f'theta: {thetas} | loss: {mse_loss(thetas, X, y):.2f}')

theta: [ 8. ©. ©. 0.] | cost: 610.47

theta: [ @. 0. 9.01 ©. ] | cost: 178.95
theta: [ 0.01 -0.11 -0. 0.55] | cost: 15.78
theta: [ 0.01 -0.01 -0.01 ©.58] | cost: 11.97
theta: [-4. -0.01 -0.01 0.63] | cost: 11.81
theta: [-13.72 -0O. -0.01 ©0.75] | cost: 11.65
theta: [-13.72 -0. -0.01  0.75] | cost: 11.65
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from scipy.optimize import minimize as sci_min

def minimize(loss_fn, grad_loss_fn, X, y, progress=True):
# e e Al aadid scipy Al sjled e Jlsll 1oss_fun
#EAY o3 e gdsel alaaily

theta
iters

= np.zeros(X.shape[1])
=0
def objective(theta):
return loss_fn(theta, X, y)
def gradient(theta):
return grad_loss_fn(theta, X, y)
def print_theta(theta):
nonlocal iters

if progress and iters % progress == 0:
print(f'theta: {theta} | loss: {loss_fn(theta, X, y):.2f}")
iters += 1

print_theta(theta)

return sci_min(
objective, theta, method='BFGS', jac=gradient, callback=print_theta,
tol=1le-7

).x
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reordered = ['predicted_mpg', 'mpg', 'horsepower', 'weight', 'model year']
with_predictions = (

mpg

.assign(predicted_mpg=1linear_model(thetas, X))

.loc[:, reordered]
)

with_predictions

predicted_mpg mpg horsepower weight model year
0 15.447125 18 130 3504 70



predicted_mpg mpg horsepower weight model year

1 14.053509 15 165 3693 70
2 15.785576 18 150 3436 70
389 32.4569 32 84 2295 82
390 30.354143 28 79 2625 82
391 29.726608 31 82 2720 82

392 rows x 5 columns
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print(f'Prediction for first row:
f'{thetas[@] + thetas[1] * 130 + thetas[2] * 3504 + thetas[3] * 70:.2f}")

Prediction for first row: 15.45
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resid = y - linear_model(thetas, X)
plt.scatter(np.arange(len(resid)), resid, s=15)
plt.title('Residuals (actual MPG - predicted MPG)')
plt.xlabel('Index of row in data')
plt.ylabel('MPG');

Residuals (actual MPG - predicted MPG)
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resid_prop = resid / with_predictions[ 'mpg’]
plt.scatter(np.arange(len(resid_prop)), resid_prop, s=15)
plt.title('Residual proportions (resid / actual MPG)')
plt.xlabel('Index of row in data')

plt.ylabel('Error proportion');

Residual proportions (resid / actual MPG)
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cols = ['bias', 'cylinders', 'displacement', 'horsepower',
‘weight', ‘'acceleration', ‘model year', ‘origin']

X = mpg_mat[cols].to_numpy()

mpg_mat[cols]

bias cylinders displacement horsepower weight acceleration model year origin

0 1 8 307 130 3504 12 70
1 1 8 350 165 3693 11.5 70
2 1 8 318 150 3436 11 70
389 1 4 135 84 2295 11.6 82
390 1 4 120 79 2625 18.6 82
391 1 4 119 82 2720 19.4 82

392 rows x 8 columns

thetas_all = minimize(mse_loss, grad_mse_loss, X, y, progress=10)
print(f'theta: {thetas_all} | loss: {mse_loss(thetas_all, X, y):.2f}"')

theta: [0. 0. 0. 0. 0. 0. 0. 0.] | loss: 610.47

theta: [-0.5 -0.81 0.02 -0.04 -0.01 -0.07 0.59 1.3 ] | loss: 11.22

theta: [-17.23 -0.49 0.02 -0.02 -0.01 0.08 0.75 1.43] | loss: 10.85
theta: [-17.22 -0.49 ©0.02 -0.02 -0.01 0.8 ©0.75 1.43] | loss: 10.85

1
1
1

<>

<>
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y = —17.22 — 0.49z1 + 0.02z2 — 0.0223 — 0.01z4 + 0.08x5 + 0.75z¢ + 1.43x7
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resid_prop_all = (y - linear_model(thetas_all, X)) / with_predictions[ 'mpg"]
plt.figure(figsize=(10, 4))

plt.subplot(121)

plt.scatter(np.arange(len(resid_prop)), resid_prop, s=15)
plt.title('Residual proportions using 3 columns')

plt.xlabel('Index of row in data')

plt.ylabel('Error proportion')

plt.ylim(-0.7, 0.7)

plt.subplot(122)

plt.scatter(np.arange(len(resid_prop_all)), resid_prop_all, s=15)
plt.title('Residual proportions using 7 columns')
plt.xlabel('Index of row in data')

plt.ylabel('Error proportion')

plt.ylim(-0.7, 0.7)

plt.tight_layout();
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constant_resid_prop =
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(y - with_predictions['mpg'].mean()) / with_predictions[ 'mpg']

plt.scatter(np.arange(len(constant_resid_prop)), constant_resid_prop, s=15)
plt.title('Residual proportions using constant model')
plt.xlabel('Index of row in data')
plt.ylabel('Error proportion')
plt.ylim(-1, 1);

Residual proportions using constant model
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data = pd.DataFrame(

[

[3,2],

[e,1],

[-1,-2]
1,

'

columns=["'x"', 'y']

)

sns.regplot(x="'x"', y='y', data=data, ci=None, fit_reg=False);
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sns.regplot(x="'x"', y='y', data=data, ci=None, fit_reg=False);
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import pandas as pd

donkeys = pd.read_csv("donkeys.csv")
donkeys.head()

BCS Age Sex Height Weight WeightAlt
0 3 <2 stallion 90 77 NaN
1 2.5 <2 stallion 94 100 NaN
2 15 <2 stallion 95 74 NaN
3 3 <2 female 96 116 NaN
4 2.5 <2 female 91 91 NaN

5 rows x 8 columns
Jo delds 1S Lo ULl ez 055 Ledis . DataFrame Jl Glulis (e @b e Lo SBLI! ouad Jasdl o Lasls Buer 8,53
<>

donkeys.shape

(544, 8)

L) 859001 BuosYl (o Lo (S Besi 8 5 slaws 544 Jaid Lo s dluds LI
<>

donkeys.columns.values

array(['BCS', 'Age', 'Sex', 'Length', 'Girth', ‘'Height', ‘'Weight',
'WeightAlt'], dtype=object)
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difference = donkeys['WeightAlt'] - donkeys[ 'Weight']
sns.distplot(difference.dropna());


https://alioh.github.io/ds-100-ar/files/chapter13/donkeys.csv
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donkeys.quantile([©.005, ©.995])

BCS Length Girth Height Weight  WeightAlt
0.005 1.5 71.145 90 89 71.715 98.75
0.995 4 111 131.285 112 214 192.8

:quantile A1l Jaue
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donkeys[ (donkeys['BCS'] < 1.5) | (donkeys['BCS'] > 4)]['BCS']

291 4.5
445 1.0
Name: BCS, dtype: float64

BCS S9anl) oy il abaseall o el wis Lal
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plt.hist(donkeys['BCS'], density=True)
plt.xlabel('BCS');
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https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.quantile.html

‘Height 9 Lengthe Girth 8Jesdl e o, F I

<>
donkeys[ (donkeys[ 'Length'] < 71.145) | (donkeys['Length'] > 111)]['Length']
8 46
22 68
26 69
216 112
Name: Length, dtype: inte4
<>
donkeys[ (donkeys['Girth'] < 90) | (donkeys['Girth'] > 131.285)]['Girth']
8 66
239 132
283 134
523 134
Name: Girth, dtype: int64
<>

donkeys[ (donkeys[ 'Height'] < 89) | (donkeys['Height'] > 112)][ 'Height']

8 71
22 86
244 a3
523 116

Name: Height, dtype: int64
Of gl Y WL Bb o0 Tz 40,8 6,391 Slaud)l Loy ©BLAI GL 00 35 @8 e S5 8 sl OF 9ok «d3M1 oYl 0.ig) dtlly
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<>

donkeys[ (donkeys[ 'Weight'] < 71.715) | (donkeys['Weight'] > 214)][ 'Weight']

8 27
26 65
50 7
291 227
523 230

Name: Weight, dtype: int64
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donkeys_c = donkeys[ (donkeys['BCS'] >= 1.5) & (donkeys['BCS'] <= 4) &
(donkeys[ 'Weight'] >= 71) & (donkeys['Weight'] <= 214)]
SNy Gyl Sl Juad
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from sklearn.model_selection import train_test_split



X_train, X_test, y train, y_test = train_test_split(donkeys_c.drop(['Weight'],
donkeys_c[ 'Weight'],
test_size=0.2,

random_state=42)

axis=1),

X_train.shape, X_test.shape

((431, 7), (188, 7))
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def mse_test_set(predictions):

<>
return float(np.sum((predictions - y_test) ** 2))
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sns.boxplot(x=X_train[ 'BCS'], y=y_train);
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sns.boxplot(x=X_train['Sex"'], y=y_train,
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order = ['female',

‘stallion', 'gelding']);
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sns.boxplot(x=X_train['Age'], y=y_train,
order = ['<2', '2-5', '5-10', '10-15', '15-20', '>20']);
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X_train[ ‘Weight'] = y_train
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sns.regplot('Length', 'Weight', X_train, fit_reg=False);

200
S 150
]
=

100
L L
70 80 90 100 110
Length

sns.regplot('Girth’,
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'Weight', X_train, fit_reg=False);
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sns.regplot('Height', 'Weight', X_train, fit_reg=False);
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sns.regplot('Height', 'Length', X_train, fit_reg=False);
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sns.regplot('Height', 'Girth', X_train, fit_reg=False);
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sns.regplot('Length', 'Weight', X_train, fit_reg=True);
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from sklearn.linear_model import LinearRegression

model = LinearRegression()
model.fit(X_train[['Length']], X_train['Weight'])
predictions = model.predict(X_test[['Length']])
print("MSE:", mse_test_set(predictions))

MSE: 26052.58007702549

sns.regplot('Girth",

200

90 100

model = LinearRegression()
model.fit(X_train[['Girth']], X_train['Weight'])
predictions = model.predict(X_test[['Girth']])
print("MSE:", mse_test_set(predictions))

MSE: 13248.814105932383

sns.regplot('Height', 'Weight', X_train, fit_reg=True);
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‘Weight', X_train, fit_reg=True);
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model = LinearRegression()
model.fit(X_train[['Height']], X_train['Weight'])
predictions = model.predict(X_test[['Height']])
print("MSE:", mse_test_set(predictions))

MSE: 36343.308584306134
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model = LinearRegression()

model.fit(X_train[['Girth', 'Length']], X_train['Weight'])
predictions = model.predict(X_test[['Girth', 'Length']])
print("MSE:", mse_test_set(predictions))

MSE: 9680.902423377258
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sns.stripplot(x="Age', y='Weight', data=X_train, order=['<2', '2-5', '5-10', '10-15', '15-20', '>20']);
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just_age_and_weight = X_train[['Age', 'Weight']]
with_age_dummies = pd.get_dummies(just_age_and_weight, columns=['Age'])
model = LinearRegression()



model.fit(with_age_dummies.drop('Weight', axis=1), with_age_dummies[ 'Weight'])
just_age_and_weight_test = X_test[['Age']]
with_age_dummies_test = pd.get_dummies(just_age_and_weight_test, columns=['Age'])

predictions = model.predict(with_age_dummies_test)
print("MSE:", mse_test_set(predictions))

MSE: 41398.515625
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# e b el ) sae¥) s syl LAl 1
pd.set_option('max_columns', 15)

X_train.drop(['Sex"', 'WeightAlt'], axis=1, inplace=True)
X_train = pd.get_dummies(X_train, columns=['BCS', 'Age'])
X_train.head()

Age_10- Age_15- Age_2- Age_5-

length  Girth  Height BCS_1.5BCS_2.0BCS_2.5BCS_3.0BCS_3.5BCS 4.0 ° 2 . 10

Age_<2 Age_>20

465 98 113 99 0 0 0 1 0 0 0 0 1 0 0 0
233 101 119 101 0 0 0 1 0 0 1 0 0 0 0 0
450 106 125 103 0 0 1 0 0 0 1 0 0 0 0 0
453 93 120 100 0 0 1 0 0 0 0 0 1 0 0 0
452 98 120 108 0 0 1 0 0 0 0 0 0 1 0 0

JlAge_>20 9 cAge_10-15¢ Age_15-20 5aacY gaziuw U 168 3yl 5529 pieg 5 (o ST eaylasT (pal 039 ajgs Lla Wl Sdud
U>l9 390
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age_over_10 = X_train['Age_10-15'] | X_train['Age_15-20'] | X_train['Age_>20']

X_train['Age_>10'] = age_over_10
X_train.drop(['Age_10-15', 'Age_15-20', 'Age_>20'], axis=1, inplace=True)
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X_train.drop(['BCS_3.0', 'Age_5-10'], axis=1, inplace=True)
X_train.head()


https://alioh.github.io/DSND-Notes-2/

Length  Girth  Height BCS_1.5BCS_2.0BCS_2.5BCS_3.5BCS_4.0 Age_2-5Age_<2 Age_>10

465 98 113 99 0 0 0 0 0 1 0 0
233 101 119 101 0 0 0 0 0 0 0 1
450 106 125 103 0 0 1 0 0 0 0 1
453 93 120 100 0 0 1 0 0 1 0 0
452 98 120 108 0 0 1 0 0 0 0 0
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# 25ec 4Ll bias

X_train = X_train.assign(bias=1)

X_train = X_train.reindex(columns=['bias'] + list(X_train.columns[:-1]))
X_train.head()

bias Length  Girth  Height BCS_1.5BCS_2.0BCS_2.5BCS_3.5BCS_4.0 Ag‘;—z' Age_<2 Age_>10
465 1 98 113 99 0 0 0 0 0 1 0 0
233 1 101 119 101 0 0 0 0 0 0 0 1
450 1 106 125 103 0 0 1 0 0 0 0 1
453 1 93 120 100 0 0 1 0 0 1 0 0
452 1 98 120 108 0 0 1 0 0 0 0 0
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def linear_model(thetas, X):
'"'Returns predictions by a linear model on x_vals.'''
return X @ thetas

def mse_cost(thetas, X, y):
return np.mean((y - linear_model(thetas, X)) ** 2)

def grad_mse_cost(thetas, X, y):

n = len(X)
return -2 / n * (X.T@y - X.T @ X @ thetas)
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X_train
y_train

X_train.values
y_train.values
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thetas = minimize(mse_cost, grad_mse_cost, X_train, y_train)

theta: [0. 0. 0. ©. 0. 0. 0. 0. 0. 0. 0. 0.] | cost: 23979.72

theta: [0.01 ©.53 0.65 0.56 0. Q. Q. Q. Q. 0. 0. 0. ] | cost: 1214.03

theta: [-0.07 1.84 2.55 -2.87 -0.02 -0.13 -0.34 ©0.19 0.07 -0.22 -0.3 0.43] | cost: 1002.46
theta: [-0.25 -0.76 4.81 -3.06 -0.08 -0.38 -1.11 ©.61 ©.24 -0.66 -0.93 1.27] | cost: 815.50

theta: [-0.44 -0.33 4.08 -2.7 -0.14 -0.61 -1.89 1.02 0.4 -1.06 -1.57 2.09] | cost: 491.91

theta: [-1.52 0.85 2. -1.58 -0.52 -2.22 -5.63 3.29 1.42 -2.59 -5.14 5.54] | cost: 140.86

theta: [-2.25 ©.9 1.72 -1.3 -0.82 -3.52 -7.25 4.64 2.16 -2.95 -7.32 6.61] | cost: 130.33

theta: [ -4.16 0.84 1.32 -0.78 -1.65 -7.09 -10.4 7.82 4.18 -3.44

-12.61  8.24] | cost: 116.92
theta: [ -5.89 0.75 1.17 -0.5 -2.45 -10.36 -11.81 10.04 6.08 -3.6
-16.65 8.45] | cost: 110.37
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.42
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0.67 1.13° -9.35F " -3.38 -13..
| cost: 105.74
0.64 1.15 -0.31 -4.26 -16.
| cost: 102.82
0.66 1.17 -0.320 -5.18 -18.
| cost: 100.70
0.69 1.16 -0.32 -6.02 -19.
| cost: 99.34
0.72 1.14 -0.3 o) =18,
| cost: 98.30
0.73 1.11 -0.26 -7.94 -19
| cost: 97.35
0.73 1.1 -0.21 -9.27 -18.
| cost: 96.38
0.72 1.1 -0.17 -10.94 -17.
| cost: 95.35
0.7 1.13 -0.14 -13.03 -15.
| cost: 94.18
0.69 1.17 -0.13 -15.59 -14.
| cost: 92.84
0.7 1.21 -0.13 -18.44 -12.
| cost: 91.40
0.72 1.23 -0.12 -21.06 -11.
| cost: 90.06
0.74 1.23 -0.1 -23.13 -10
| cost: 88.89
0.76 1.22 -0.05 -25.11 -10.
| cost: 87.62
0.78 1.21 0.02 -27.82 -11
| cost: 85.79
0.8 1.22 0.13 -31.81 -12.
| cost: 83.19
0.81 1.26 0.23 -36.3 -13.73
| cost: 80.40
0.81 1.34 0.28 -39.
4.21] | cost: 78.34
0.81 1.4 0.29 -40.

3.5 ] | cost: 77.07

0.81 1.44 0.28 -40.
3.05] | cost: 76.03

0.82 1.47 0.3 -40.
2.94] | cost: 74.96

0.83 1.48 0.33 -39.

3.17] | cost: 74.03

0.84 1.48 0.39 -38.

3.47] | cost: 73.23

0.85 1.47 0.46 -37.
3.56] | cost: 72.28

0.86 1.48 0.54 -34.
3.13] | cost: 70.91

0.88 1.52 0.62 -31
1.91] | cost: 69.33

0.89 1.57 0.64 -27.
0.44] | cost: 68.19

0.9 1.6 0.62 -25.

-0.39] | cost: 67.59

0.91 1.63 0.6 -23.
-0.72] | cost: 67.08

0.91 1.66 0.58 -20.
-0.69] | cost: 66.27

0.93 1.68 0.6 -15.
0.01] | cost: 65.11

0.93 1.69 0.67 -11.
1.13] | cost: 64.28

0.93 1.68 0.72 -1e.

1.86] | cost: 64.01

0.93 1.67 0.74 -1e.

1.97] | cost: 63.98

0.93 1.67 0.74 -10.
1.95] | cost: 63.98

0.93 1.67 0.74 -10.
1.95] | cost: 63.98

0.93 1.67 0.74 -10.
1.95] | cost: 63.98

0.93 1.67 0.74 -10.
1.95] | cost: 63.98

0.93 1.67 0.74 -1e.

1.95] | cost: 63.98

0.93 1.67 0.74 -1e.

1.95] | cost: 63.98

0.93 1.67 0.74 -10.
cost: 63.98
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model = LinearRegression(fit_intercept=False)
model.fit(X_train[:, :14], y_train)
print("Coefficients", model.coef_ )

Coefficients [-204.03 0.93 1.67 0.74 -10.5 -8.72 -6.39 7.54 11.39
-3.6 -7.22 1.95]
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X_test.drop(['Sex', 'WeightAlt'], axis=1, inplace=True)
X_test = pd.get_dummies(X_test, columns=['BCS', 'Age'])
age_over_10 = X_test['Age_10-15'] | X_test['Age_15-20'] | X_test['Age_>20']
X_test['Age_>10'] = age_over_10
X_test.drop(['Age_10-15', 'Age_15-20', 'Age_>20'], axis=1, inplace=True)
X_test.drop(['BCS_3.0', 'Age_5-10'], axis=1, inplace=True)
X_test = X_test.assign(bias=1)
X_test = X_test.reindex(columns=['bias'] + list(X_test.columns[:-1]))
X_test
bias  Length Girth Height BCS_1.5BCS_2.0BCS_2.5BCS_3.5BCS_4.0 Ages_Z- Age_<2 Age_>10
490 1 98 119 103 0 0 1 0 0 0 1
75 1 86 114 105 0 0 0 0 1 0 0
352 1 94 114 101 0 0 0 0 0 1
182 1 94 114 102 0 0 0 0 0 1 0
334 1 104 113 105 0 0 1 0 0 0 0 0
543 1 104 124 110 0 0 0

108 rows x 12 columns
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X_test = X_test.values
predictions = model.predict(X_test)
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mse_test_set(predictions)

7261.974205350604
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y_test = y_test.values

resid = y_test - predictions

resid_prop = resid / y_test
plt.scatter(np.arange(len(resid_prop)), resid_prop, s=15)
plt.axhline(0)

plt.title('Residual proportions (resid / actual Weight)')
plt.xlabel('Index of row in data')

plt.ylabel('Error proportion');
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import pandas as pd
walmart = pd.read_csv('walmart.csv')
walmart
Date Weekly_Sales IsHoliday Temperature Fuel_Price Unemployment MarkDown
0 05-02-10 24924.5 No 42.31 2.572 8.106 No Markdown
12-02-10 46039.49 Yes 38.51 2.548 8.106 No Markdown
2 19-02-10 41595.55 No 39.93 2.514 8.106 No Markdown
140 12-10-12 22764.01 No 62.99 3.601 6.573 MarkDown2
141 19-10-12 24185.27 No 67.97 3.594 6.573 MarkDown2
142 26-10-12 27390.81 No 69.16 3.506 6.573 MarkDown1

143 rows x 7 columns
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numerical_columns = ['Temperature', 'Fuel_ Price', 'Unemployment']
X = walmart[numerical_columns].to_numpy()
X
array([[ 42.31, 2.57, 8.11],
[ 38.51, 2.55, 8.11],
[ 39.93, 2.51, 8.11],
coog
[ 62.99, 3.6, 6.57],
[ 67.97, 3.59, 6.57],
[ 69.16, 3.51, 6.57]])
<>

y = walmart[ 'Weekly Sales'].to_numpy()
y

array([ 24924.5 , 46039.49, 41595.55, ..., 22764.01, 24185.27,
27390.81])
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from sklearn.linear_model import LinearRegression

simple_classifier = LinearRegression()
simple_classifier.fit(X, y)

LinearRegression(copy_X=True, fit_intercept=True, n_jobs=1, normalize=False)

Sliall e gMLYI LiSay - yiuall Slasyell 485 Al ye JU5 31 laiedl Gzl scikit-learn 46Se efit. (£ bodis 1))
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<>

simple_classifier.coef_, simple_classifier.intercept_

(array([ -332.22, 1626.63, 1356.87]), 29642.700510138635)

1y & Aedioed) ULl o domedid] Ayling X (3 Aall oil) 3431 Classifier Caisanll oo el Of Uiy gl o ol A5 oluos)

<>
import numpy as np

predictions = simple_classifier.predict(X)
np.mean((predictions - y) ** 2)

74401210.603607252

Capnsall gblly Waleaseial 51 &SIl B Slpiiall 98 G5 Caan 0950 I e Tz by g Jawsiall ol Uasdl O by
e gl Olanall


https://alioh.github.io/ds-100-ar/translation-reference/
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html#sklearn.linear_model.LinearRegression

9 Sl Ol b gs Jawdl @ guuall Lalase MarkDown 9 IsHoliday Sges 15l 3 8L log 095 O oSaall o LT Olpite L)

import seaborn as sns
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<>

sns.pointplot(x="IsHoliday', y='Weekly Sales', data=walmart);
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import matplotlib.pyplot as plt

markdowns = ['No Markdown', 'MarkDownl',

plt.figure(figsize=(7, 5))

<>

'MarkDown2', 'MarkDown3', 'MarkDown4', 'MarkDown5']

sns.pointplot(x="'Weekly Sales', y='MarkDown', data=walmart, order=markdowns);
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walmart[[ ‘MarkDown']]

140
141

:MarkDown 3gel §

<>

MarkDown
No Markdown
No Markdown
No Markdown

MarkDown2
MarkDown2



140
141
142

142

143 rows x 1 columns

MarkDown
MarkDown1

9 <No Markdown« MarkDown1¢ MarkDown2: MarkDown3« MarkDown4 : g9 dakizes @ud Cus (de 3gaall Sgiz
Wl (@) Ayl iy dlg o yiaas Sgec S Lipaly pois o o Bkl o U g dogd JSU 390 sLadly 55 .MarkDown5

from sklearn.feature_extraction import DictVectorizer

items = walmart[[ ‘MarkDown']].to_dict(orient="'records")

encoder = DictVectorizer(sparse=False)

pd.DataFrame(
data=encoder.fit_transform(items),
columns=encoder.feature_names_

MarkDown=MarkDown1 MarkDown=MarkDown2 MarkDown=MarkDown3 MarkDown=MarkDown4 MarkDown=MarkDown5

143 rows x 6 columns

Tiows

<>

MarkDown=No

Markdown

1
1
1

8 5T Ly 1 51 o s sk 3 5301l 3505 5T 122811 iNo Markdowi o Skl § s sl o 123
1 e Sgizn dsas 9f Jazx Lo MarkDown1 s giz bl

dod 93 OgSum dlg dgac O &= "0One-Hot" el .0 e S &iidly 1 03,01 Ll uxlg dgae e Sgiw Jodad! § slaw S
(1 e g)

] L] L ] L)
| companyName Categoricalvalue | Price |
L I | | 1
L] L) |
I w $ 1 | 20000

| Acura $ 2 | 10011 |
| Honda $ 3 | seeee |
| Honda $ 3 | 10000 |
L | | | |

One hot encading

Scikit-learn
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| wi | Acura] Honda] Price |
L JL JL 3L i
r 1] L] ] L)
|2 $e %e | 20000 |
le $1 %e | 10011 |
|e $e %1 | seeee |
e $e %1 | 10000 |
L | | | | ]
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from sklearn.feature_extraction import DictVectorizer

all_columns = ['Temperature', 'Fuel_Price', 'Unemployment',

'MarkDown ' ]
records = walmart[all_columns].to_dict(orient="'records")
encoder = DictVectorizer(sparse=False)
encoded_X = encoder.fit_transform(records)

encoded_X

'IsHoliday"',

<>


https://alioh.github.io/DSND-Notes-2/
http://scikit-learn.org/stable/modules/generated/sklearn.feature_extraction.DictVectorizer.html

140
141
142

array([[ 2.57, 1. , ©. , ..., 1. , 42.31, 8.11],
2,55, ©. , 1. , ..., 1. , 38.51, 8.11],
[ 2.51, 1. , ©. , ..., 1. , 39.93, 8.11],
ey
[ 3.6, 1. , ©. , ..., ©. , 62.99, 6.57],
[ 3.59, 1. , ©. , ..., ©. , 67.97, 6.57],
[ 3.51, 1. , ©. , ..., ©. , 69.16, 6.57]])
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pd.DataFrame(data=encoded_X, columns=encoder.feature_names_)

Fuel_Price IsHoliday=No IsHoliday=Yes MarkDown=MarkDownl .. MarkDown=MarkDown5 M:;Z?'Z‘v;c:nNo Temperature Unemployment
2.572 0 0 0 1 42.31 8.106
2.548 1 0 0 1 38.51 8.106
2.514 0 0 0 1 39.93 8.106
3.601 62.99 6.573
3.594 67.97 6.573
3.506 1 0 0 69.16 6.573

143 rows x 11 columns
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<>

clf = LinearRegression()
clf.fit(encoded_X, y)

LinearRegression(copy_X=True, fit_intercept=True, n_jobs=1, normalize=False)

908 SN dadd 12 oo &9 doeaid] O gSiue s 5,53 LS

<>

clf.coef_, clf.intercept_

(array([ 1622.11, -2.04, 2.04, 962.91, 1805.06, -1748.48,
-2336.8 , 215.06, 1102.25, -330.91, 1205.56]), 29723.135729284979)
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<>

walmart[[ 'Weekly Sales']].assign(
pred_numeric=simple_classifier.predict(X),
pred_both=clf.predict(encoded_X)

)
Weekly_Sales  pred_numeric pred_both
0 24924.5 30768.87804 30766.79021
1 46039.49 31992.2795 31989.4104

2 41595.55 31465.22016 31460.28001



Weekly_Sales  pred_numeric pred_both

140 22764.01 23492.26265 24447.34898
141 24185.27 21826.41479 22788.04955
142 27390.81 21287.92854 21409.36746

143 rows x 3 columns
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<>

plt.scatter(simple_classifier.predict(X), clf.predict(encoded_X))
plt.title('Predictions using all data vs. numerical features only')
plt.xlabel('Predictions using numerical features')
plt.ylabel('Predictions using all features');

Predictions using all data vs. numerical features only
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<>
def clf_params(names, clf):
weights = (
np.append(clf.coef_, clf.intercept_)

return pd.DataFrame(weights, names + ['Intercept'])

clf_params(numerical_columns, simple_classifier)

0
Temperature 332.22118-
Fuel_Price 1626.625604
Unemployment 1356.868319
Intercept 29642.70051

‘bl e One-Hot Encoding (gesks day Ciuaddl lgake olad @1 deasliall 0191 b g0 Jaudl (§ Jgotnd!

<>

pd.options.display.max_rows = 13
display(clf_params(encoder.feature_names_, clf))
pd.options.display.max_rows = 7

0
Fuel_Price 1622.106239
IsHoliday=No 2.041451-
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IsHoliday=Yes
MarkDown=MarkDown1
MarkDown=MarkDown2
MarkDown=MarkDown3
MarkDown=MarkDown4
MarkDown=MarkDown5

MarkDown=No Markdown

Temperature

Unemployment

Intercept

0
2.041451
962.908849
1805.059613
1748.475046-
2336.799791-
215.060616
1102.24576
330.912587-
1205.564331
29723.13573
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walmart[ '‘MarkDown'].value_counts()

No Markdown 92

MarkDown1 25
MarkDown2 13
MarkDown5 9
MarkDown4 2
MarkDown3 2

Name: MarkDown, dtype: int64
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ice = pd.read_csv('icecream.csv')
ice

L Lol icecream.csv wUbld! o)

sweetness overall

0 4.1
1 619
2 8.3

6 11

3.9
5.4
5.8

5.9

<>
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https://www.kaggle.com/c/walmart-recruiting-store-sales-forecasting
https://alioh.github.io/ds-100-ar/files/chapter14/icecream.csv

sweetness overall
7 11.7 5.5
8 11.9 5.4

9 rows x 2 columns
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<>

sns.lmplot(x="sweetness', y='overall', data=ice, fit_reg=False)
plt.title('Overall taste rating vs. sweetness');

Overall taste rating vs. sweetness
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sns.lmplot(x="'sweetness', y='overall', data=ice)
plt.title('Overall taste rating vs. sweetness');

Overall taste rating vs. sweetness

4 ] 8 1o 12
sweetness
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from sklearn.preprocessing import PolynomialFeatures

<>

first_X = PolynomialFeatures(degree=1).fit_transform(ice[[ 'sweetness']])

pd.DataFrame(data=first_X, columns=['bias', 'sweetness'])

9 rows x 2 columns

bias sweetness

1.0
1.0
1.0

1.0
1.0
1.0

4.1
6.9
8.3

11
11.7
11.9

QWS Z3gail Cinyas WSy s
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<>

second_X = PolynomialFeatures(degree=2).fit_transform(ice[['sweetness']])

pd.DataFrame(data=second_X, columns=['bias', 'sweetness’,

bias
0 1.0
1 1.0
2 1.0
6 1.0
7 1.0
8 1.0

9 rows x 3 columns

'swe

etness”2'])

sweetness sweetness"2
4.1 16.81
6.9 47.61
8.3 68.89
11 121
11.7 136.89
11.9 141.61
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from sklearn.linear_model import LinearRegression

from sklearn.preprocessing import PolynomialFeatures

.scikit-learn &Ko ¢ PolynomialFeatures

<>
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ice[[ 'sweetness']]

thasd a6)Y e ggi0

<>


https://alioh.github.io/ds-100-ar/translation-reference/
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http://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.PolynomialFeatures.html#sklearn.preprocessing.PolynomialFeatures

sweetness

0 4.1
1 6.9
2 8.3
6 11
11.7
11.9

9 rows x 1 columns
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transformer = PolynomialFeatures(degree=2)
X = transformer.fit_transform(ice[['sweetness']])
X

, 4.1, 16.81],
. 47.61],
, 8.3, 68.89],

array([[

(S
S
)
©
S

, 11, , 121, 1,
.7 , 136.89],
, 11.9 , 141.61]])
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clf = LinearRegression(fit_intercept=False)

clf.fit(X, ice['overall'])
clf.coef_

array([-1.3 , 1.6 , -0.09])
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sns.lmplot(x="sweetness', y='overall', data=ice, fit_reg=False)
Xxs = np.linspace(3.5, 12.5, 1000).reshape(-1, 1)

ys = clf.predict(transformer.transform(xs))

plt.plot(xs, ys)

plt.title('Degree 2 polynomial fit');

Degree 2 polynomial fit
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y = ice['overall']
pred_linear = (

LinearRegression(fit_intercept=False).fit(first_X, y).predict(first_X)
)
pred_quad = clf.predict(X)
# Jawgidl caalal 4l
def mse_cost(pred, y):

return np.mean((pred - y) ** 2)
print(f'MSE cost for linear reg: {mse_cost(pred_linear, y):.3f}")
print(f'MSE cost for deg 2 poly reg: {mse_cost(pred_quad, y):.3f}")
MSE cost for linear reg: 0.323
MSE cost for deg 2 poly reg: 0.032
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second_X = PolynomialFeatures(degree=5).fit_transform(ice[['sweetness']])
pd.DataFrame(data=second_X,
columns=[ 'bias', 'sweetness', 'sweetness”2', 'sweetness”3',
‘sweetness”4', 'sweetness”5'])

bias sweetness sweetness"2 sweetness®3  sweetness"4 sweetness5

0 1 4.1 16.81 68.921 282.5761 1158.56201

1 1 6.9 47.61 328.509 2266.7121 15640.31349

2 1 8.3 68.89 571.787 4745.8321 39390.40643
6 1 11 121 1331 14641 161051

1 11.7 136.89 1601.613 18738.8721 219244.8036

8 1 11.9 141.61 1685.159 20053.3921 238635.366

9 rows x 6 columns
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trans_five = PolynomialFeatures(degree=5)
X_five = trans_five.fit_transform(ice[['sweetness']])
clf_five = LinearRegression(fit_intercept=False).fit(X_five, y)

sns.lmplot(x="sweetness', y='overall', data=ice, fit_reg=False)
Xxs = np.linspace(3.5, 12.5, 1000).reshape(-1, 1)

ys = clf_five.predict(trans_five.transform(xs))

plt.plot(xs, ys)

plt.title('Degree 5 polynomial fit');
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<>
pred_five = clf_five.predict(X_five)

print(f'MSE cost for linear reg: {mse_cost(pred_linear, y):.3f}")
print(f'MSE cost for deg 2 poly reg: {mse_cost(pred_quad, y):.3f}")
print(f'MSE cost for deg 5 poly reg: {mse_cost(pred_five, y):.3f}")

MSE cost for linear reg: 0.323
MSE cost for deg 2 poly reg: 0.032
MSE cost for deg 5 poly reg: 0.017
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trans_ten = PolynomialFeatures(degree=10)
X_ten = trans_ten.fit_transform(ice[['sweetness']])
clf_ten = LinearRegression(fit_intercept=False).fit(X_ten, y)

sns.1lmplot(x="sweetness', y='overall', data=ice, fit_reg=False)
Xs = np.linspace(3.5, 12.5, 1000).reshape(-1, 1)

ys = clf_ten.predict(trans_ten.transform(xs))

plt.plot(xs, ys)

plt.title('Degree 10 polynomial fit')

plt.ylim(3, 7);

- Degree 10 polynomial fit
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pred_ten = clf_ten.predict(X_ten)

nrint(F'MSF rnct far linear reo- Imca ractlnred Tinear uv): 2F1')
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print(f'MSE cost for deg 2 poly reg:
print(f'MSE cost for deg 5 poly reg:

Gy N S T
{mse_cost(pred_quad, y):
{mse_cost(pred_five, y):.3f}")

P

3619

print(f'MSE cost for deg 10 poly reg: {mse_cost(pred_ten, y):.3f}")

MSE cost for linear reg: 0.323
MSE cost for deg 2 poly reg: 0.032
MSE cost for deg 5 poly reg: 0.017

MSE cost for deg 10 poly reg: 0.000
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# https://numpy.org/doc/stable/reference/random/generated/numpy.random.normal.html

np.random.seed(1)

x_devs = np.random.normal(scale=0.4, size=len(ice))
y_devs = np.random.normal(scale=0.4, size=len(ice))

plt.figure(figsize=(10, 5))

# osuaall clilbdl e 10 dsal
plt.subplot(121)
ys = clf_ten.predict(trans_ten.transform(xs))
plt.plot(xs, ys)
plt.scatter(ice[ 'sweetness'] + x_devs,
ice['overall'] + y_devs,
c='g")
plt.title('Degree 10 poly, second set of data')
plt.ylim(3, 7);

# saaall bl e 2 4a ol
plt.subplot(122)
ys = clf.predict(transformer.transform(xs))
plt.plot(xs, ys)
plt.scatter(ice['sweetness'] + x_devs,
ice['overall'] + y_devs,
c='g")
plt.title('Degree 2 poly, second set of data')
plt.ylim(3, 7);

Degree 10 poly, second set of data
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from collections import namedtuple
from sklearn.linear_model import LinearRegression
import numpy as np
import matplotlib.pyplot as plt
import pandas as pd
np.random.seed(42)

Line = namedtuple('Line', ['x_start', 'x_end', 'y_start', 'y_end'])

def f(x): return np.sin(x) + 0.3 * x



def noise(n):
return np.random.normal(scale=0.1, size=n)

def draw(n):
points = np.random.choice(np.arange(9, 20, 0.2), size=n)
return points, f(points) + noise(n)

def fit_line(x, y, x_start=0, x_end=20):
clf = LinearRegression().fit(x.reshape(-1, 1), y)
return Line(x_start, x_end, clf.predict([[x_start]])[0], clf.predict([[x_end]])[@])

population_x
population_y

np.arange(0, 20, 0.2)
f(population_x)

avg_line = fit_line(population_x, population_y)

datasets = [draw(100) for _ in range(20)]
random_lines = [fit_line(x, y) for x, y in datasets]
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<>

plt.plot(population_x, population_y)
plt.title('True underlying data generation process');

True underlying data generation process
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Xs, ys = draw(100)

plt.scatter(xs, ys, s=10)
plt.title('One set of observed data');

One set of observed data
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plt.figure(figsize=(8, 5))
plt.plot(population_x, population_y)

for x_start, x_end, y_start, y_end in random_lines:
plt.plot([x_start, x_end], [y_start, y_end], linewidth=1, c='g")

plt.title('Population vs. linear model predictions');



Population vs. linear model predictions
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plt.figure(figsize=(8, 5))
Xs = np.arange(9, 20, 0.2)
plt.plot(population_x, population_y, label='Population')

plt.plot([avg_line.x_start, avg_line.x_end],
[avg_line.y_start, avg_line.y_end],
linewidth=2, c='r"',
label='Long-run average linear model')

plt.title('Bias of linear model')

plt.legend();

Bias of linear model
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plt.figure(figsize=(8, 5))
for x_start, x_end, y_start, y_end in random_lines:
plt.plot([x_start, x_end], [y_start, y_end], linewidth=1, c='g', alpha=0.8)

plt.plot([avg_line.x_start, avg_line.x_end],
[avg_line.y_start, avg line.y_end],
linewidth=4, c='r")

plt.title('Variance of linear model');



Variance of linear model
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plt.plot(population_x, population_y)

Xs, ys = draw(100)
plt.scatter(xs, ys, s=10)
plt.title('Irreducible error');

Irreducible error
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(e.g.. number of features)
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from sklearn.linear_model import LinearRegression
from sklearn.preprocessing import PolynomialFeatures

ice = pd.read_csv('icecream.csv')
transformer = PolynomialFeatures(degree=2)
X = transformer.fit_transform(ice[['sweetness']])

clf = LinearRegression(fit_intercept=False).fit(X, ice[['overall']])
Xs = np.linspace(3.5, 12.5, 300).reshape(-1, 1)
rating_pred = clf.predict(transformer.transform(xs))

temp = pd.DataFrame(xs, columns = ['sweetness'])
temp[ 'overall'] = rating_pred

np.random.seed(42)

x_devs = np.random.normal(scale=0.2, size=len(temp))

y_devs = np.random.normal(scale=0.2, size=len(temp))

temp[ 'sweetness'] = np.round(temp[ 'sweetness'] + x_devs, decimals=2)
temp['overall'] = np.round(temp['overall'] + y_devs, decimals=2)

ice = pd.concat([temp, ice])

ice

sweetness overall
0 3.6 3.09


https://machinelearningmastery.com/k-fold-cross-validation/
http://scikit-learn.org/stable/modules/generated/sklearn.model_selection.KFold.html
https://alioh.github.io/ds-100-ar/files/chapter15/icecream.csv

sweetness overall

1 3.5 3.17
2 3.69 3.46
6 11 5.9
7 11.7 5.5
8 11.9 5.4

309 rows x 2 columns
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plt.scatter(ice[ 'sweetness'], ice['overall'], s=10)
plt.title('Ice Cream Rating vs. Sweetness')
plt.xlabel('Sweetness")

plt.ylabel('Rating');

Ice Cream Rating vs. Sweetness

4 6 8 10 12
Sweetness
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ice2 = pd.read_csv('icecream.csv')
trans_ten = PolynomialFeatures(degree=10)
X_ten = trans_ten.fit_transform(ice2[['sweetness']])
y = ice2['overall']
clf_ten = LinearRegression(fit_intercept=False).fit(X_ten, y)
<>

np.random.seed(1)
x_devs = np.random.normal(scale=0.4, size=len(ice2))
y_devs = np.random.normal(scale=0.4, size=len(ice2))

plt.figure(figsize=(10, 5))

plt.subplot(121)

plt.scatter(ice2[ 'sweetness'], ice2['overall'])
Xxs = np.linspace(3.5, 12.5, 1000).reshape(-1, 1)
ys = clf_ten.predict(trans_ten.transform(xs))
plt.plot(xs, ys)

plt.title('Degree 10 polynomial fit"')
plt.ylim(3, 7);

plt.subplot(122)
ys = clf_ten.predict(trans_ten.transform(xs))
plt.plot(xs, ys)
plt.scatter(ice2[ 'sweetness'] + x_devs,
ice2['overall'] + y_devs,
c="g")
plt.title('Degree 10 poly, second set of data')
plt.ylim(3, 7);
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from sklearn.model_selection import train_test_split
test_size = 92

X_train, X_test, y_train, y_test = train_test_split(
ice[[ 'sweetness']], ice['overall'], test_size=test_size, random_state=0)

print(f' Training set size: {len(X_train)}")
print(f’ Test set size: {len(X_test)}')

Training set size: 217
Test set size: 92

10 JI1 oy 299l Bodaie ‘_3 Aoy SN u>lg s;,:))»\ill wble ‘Al..\:'d.wl:: S9ddl Bodaie HldssYI C.SLA:I Java o3I ﬁ}i:

<>

# G a5l aseie pallad ks Y0 X_train
transformers = [PolynomialFeatures(degree=deg)
for deg in range(1, 11)]
X_train_polys = [transformer.fit_transform(X_train)
for transformer in transformers]

# o= X_train
# Aelall da)l e ailad dgaie e
X_train_polys[4]

array([[ 1., 8.8 , 77.44, 681.47, 5996.95, 52773.19],
1., 10.74, 115.35, 1238.83, 13305.07, 142896.44],

[ 1., 9.98, 99.6 , 994.01, 9920.24, 99003.99],

[ 1., 6.79, 46.1 , 313.05, 2125.59, 14432.74],

[ 1., 5.13, 26.32, 135.01, 692.58,  3552.93],

[ 1., 8.66, 75. 649.46, 5624.34, 48706.78]])
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from sklearn.model_selection import KFold

def mse_cost(y_pred, y_actual):
return np.mean((y_pred - y_actual) ** 2)

def compute_CV_error(model, X_train, Y_train):
kf = KFold(n_splits=5)
validation_errors = []


http://scikit-learn.org/stable/modules/generated/sklearn.model_selection.train_test_split.html
http://scikit-learn.org/stable/modules/generated/sklearn.model_selection.KFold.html

for train_idx, valid_idx in kf.split(X_train):
# bl oty
split_X_train, split_X_ valid = X_train[train_idx], X_train[valid_idx]
split_Y_train, split_Y_valid = Y_train.iloc[train_idx], Y_train.iloc[valid_idx]

# ool dends o zisall bua
model.fit(split_X_train,split_Y_train)

# oGl Gl o el Laall bgie Gla
error = mse_cost(split_Y_valid,model.predict(split_X_valid))

validation_errors.append(error)

# lemes Gindl iy Uas davgie
return np.mean(validation_errors)
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# R Gt Lok, bl JS) B el gl cu )t Lid
# Las fit_intercept=False
# done oY bl iyl #3sa 4 PolynomialFeatures
# Lo Yau iVl dpee Al ah,

cross_validation_errors = [compute_CV_error(LinearRegression(fit_intercept=False), X_train_poly, y_train)
for X_train_poly in X_train_polys]

<>

cv_df = pd.DataFrame({'Validation Error': cross_validation_errors}, index=range(1, 11))
cv_df.index.name = 'Degree’

pd.options.display.max_rows = 20

display(cv_df)

pd.options.display.max_rows = 7

Validation Error

Degree

1 0.32482
2 0.04506
3 0.045418
4 0.045282
5 0.046272
6 0.046715
7 0.04714
8 0.04754
9 0.048055
10 0.047805
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plt.figure(figsize=(10, 5))

plt.subplot(121)

plt.plot(cv_df.index, cv_df['Validation Error'])
plt.scatter(cv_df.index, cv_df['Validation Error'])
plt.title('Vvalidation Error vs. Polynomial Degree')
plt.xlabel('Polynomial Degree')
plt.ylabel('Validation Error');

plt.subplot(122)

plt.plot(cv_df.index, cv_df['Validation Error'])
plt.scatter(cv_df.index, cv_df['Validation Error'])
plt.ylim(@.044925, 0.05)

plt.title('Zoomed In')

plt.xlabel('Polynomial Degree')
plt.ylabel('Validation Error')

plt.tight_layout();
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transformers[1]

best_trans
LinearRegression(fit_intercept=False).fit(X_train_polys[1], y_train)

best_model

training_error = mse_cost(best_model.predict(X_train_polys[1]), y_train)
validation_error = cross_validation_errors[1]
test_error = mse_cost(best_model.predict(best_trans.transform(X_test)), y_test)

print('Degree 2 polynomial')

print(f' Training error: {training_error:0.5f}")
print(f'validation error: {validation_error:0.5f}")
print(f’ Test error: {test_error:0.5f}")

Degree 2 polynomial
Training error: ©.04409
Validation error: 0.04506
Test error: 0.04698
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http://scikit-learn.org/stable/modules/generated/sklearn.model_selection.cross_val_predict.html
https://www.geeksforgeeks.org/cross-validation-machine-learning/
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df = pd.read_csv('water_large.csv')
df

water_level_change water_flow

0 15.936758- 6.04E+10

29.152979- 3.32E+10
2 36.189549 9.73E+11
20 7.08548 2.36E+11
21 46.282369 1.49E+12
22 14.612289 3.78E+11

23 rows x 2 columns
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df.plot.scatter(0, 1, s=50);
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df.plot.scatter(@, 1, s=50);
plot_curve(curves[0])


https://alioh.github.io/ds-100-ar/files/chapter16/water_large.csv
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import matplotlib.pyplot as plt

import numpy as np

import pandas as pd

from sklearn.pipeline import Pipeline

from sklearn.preprocessing import PolynomialFeatures
from sklearn.linear_model import LinearRegression
from collections import namedtuple

Curve = namedtuple(‘Curve’, ['xs', 'ys'])

def make_curve(clf, x_start=-50, x_end=50):
xs = np.linspace(x_start, x_end, num=100)
ys = clf.predict(xs.reshape(-1, 1))
return Curve(xs, ys)

def plot_curve(curve, ax=plt, **kwargs):
ax.plot(curve.xs, curve.ys, **kwargs)

X
y

df.iloc[:, [@]].values
df.iloc[:, 1].values

degrees = [1, 2, 8, 12]
clfs = [Pipeline([('poly', PolynomialFeatures(degree=deg, include_bias=False)),
('reg', LinearRegression())])
Fit(X, y)
for deg in degrees]

curves = [make_curve(clf) for clf in clfs]
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plot_curves(curves)
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def flatten(seq): return [item for subseq in seq for item in subseq]

def plot_data(df=df, ax=plt, **kwargs):
ax.scatter(df.iloc[:, @], df.iloc[:, 1], s=50, **kwargs)

def plot_curves(curves, cols=2):
rows = int(np.ceil(len(curves) / cols))
fig, axes = plt.subplots(rows, cols, figsize=(10, 8),
sharex=True, sharey=True)

for ax, curve, deg in zip(flatten(axes), curves, degrees):
plot_data(ax=ax, label='Training data')
plot_curve(curve, ax=ax, label=f'Deg {deg} poly')
ax.set_ylim(-5e10, 170e10)
ax.legend()

# Y clad) g 35Sl gl ddL)

fig.add_subplot(111, frameon=False)

# a8 cpsbially cladlally asaall oli)

plt.tick_params(labelcolor="none', top='off', bottom='off"',
left="off"', right="off")

plt.grid(False)

plt.title('Polynomial Regression')

plt.xlabel('Water Level Change (m)')

plt.ylabel('Water Flow (Liters)')

plt.tight_layout()
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Ul Dgasd
0 Sl dl g L) o Toliy Caliey 0 (50 il S 86 ¢S5 380 S 0 IS CBLS A DT 05 Jawstd] slae of 12>y
Aol damy ! o 39Ul Badaie ol picie d8LD) U oluedl (3305 ULy e s3]

<>

pd.DataFrame(clfs[2].named_steps[ ‘poly'].transform(X[:5]),
columns=[f'deg_{n}_feat' for n in range(8)])

deg_0_feat deg_1_feat deg_6_feat deg_7_feat
0 15.94- 253.98 261095791.08- 4161020472.12
1 29.15- 849.9 17897014961.65- 521751305227.70
2 36.19 1309.68 81298431147.09 2942153527269.12
3 37.49 1405.66 104132296999.30 3904147586408.71
4 48.06- 2309.65 592123531634.12- 28456763821657.70

5 rows x 8 columns
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df
water_level_change water_flow
0 15.94- 60422330445.52
29.15- 33214896575.60
2 36.19 972706380901.06
20 7.09 236352046523.78
21 46.28 1494256381086.73
22 14.61 378146284247.97
23 rows x 2 columns
<>

plot_curves(curves)


https://www.kdnuggets.com/2020/04/data-transformation-standardization-normalization.html
https://www.analyticsvidhya.com/blog/2020/04/feature-scaling-machine-learning-normalization-standardization/
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X = df.iloc[:, [@]].values
y = df.iloc[:, 1].values
print('X: ")

print(X)

print()

print('y: ')

print(y)

X:
[[-15.94]
[-29.15]
[ 36.19]

7.09]

[
[ 46.28]
[ 14.61]]

y:
[6.04e+10 3.32e+10 9.73e+11 ... 2.36e+11l 1.49e+12 3.78e+11]

112 doyl (e dgudl Bodaiie ) X § ! dogis 095 o
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from sklearn.preprocessing import PolynomialFeatures
# wa3 35 include_bias=False
# i cliias oY sklearns
# b ad ALl Sl U a8
X_poly_8 = PolynomialFeatures(degree=8, include_bias=False).fit_transform(X)

print('First two rows of transformed X:')
print(X_poly_8[0:2])

First two rows of transformed X:
[[-1.59e+01 2.54e+02 -4.05e+03 6.45e+04 -1.03e+06 1.64e+07 -2.61e+08
4.16e+09]
[-2.92e+01 8.50e+02 -2.48e+04 7.22e+05 -2.11e+07 6.14e+08 -1.79%e+10
5.22e+11]]
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alphas = [@.01, 0.1, 1.0, 10.0]

# 23 ol S¥ normalize=True

# bl A 2

clf = RidgeCV(alphas=alphas, normalize=True).fit(X_poly_8, y)

# 4a8 b} Alpha
clf.alpha_
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fig = plt.figure(figsize=(10, 5))

plt.subplot(121)

plot_data()

plot_curve(curves[2])

plt.title('Base degree 8 polynomial')

plt.subplot(122)

plot_data()

plot_curve(ridge_curves[2])
plt.title('Regularized degree 8 polynomial')
plt.tight_layout()
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from sklearn.linear_model import Ridge
ridge_clfs = [Pipeline([('poly', PolynomialFeatures(degree=deg, include_bias=False)),
('reg', Ridge(alpha=0.1, normalize=True))])
SFit(X, y)

for deg in degrees]

ridge_curves = [make_curve(clf) for clf in ridge_clfs]
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base = coef_table(clfs[2]).rename(columns={'Coefficient Value': 'Base'})
ridge = coef_table(ridge_clfs[2]).rename(columns={"'Coefficient Value': 'Regularized'})

pd.options.display.max_rows = 20
display(base.join(ridge))
pd.options.display.max_rows = 7



Base Regularized

degree
0 225782472111.94 221063525725.23
1 13115217770.78 6846139065.96
2 144725749.98- 146158037.96
3 10355082.91- 1930090.04
4 567935.23 38240.62
5 9805.14 564.21
6 249.64- 7.25
7 2.09- 0.18
8 0.03 0.00

:JWE Lgi,a39 «DataFrame § Joda S e aladdl £Lash OlogaS coefs 9 coef_table (udls 81 puseiu

<>

def coefs(clf):
reg = clf.named_steps[‘reg']
return np.append(reg.intercept_, reg.coef_)

def coef_table(clf):
vals = coefs(clf)
return (pd.DataFrame({'Coefficient Value': vals})
.rename_axis('degree'))

talilee LS yglar 12 Ayl (e Sguoell Badatie (e dudaadl ud (guddas Bole]
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fig = plt.figure(figsize=(10, 5))

plt.subplot(121)

plot_data()

plot_curve(curves[3])

plt.title('Base degree 12 polynomial')
plt.ylim(-5e10, 170e10)

plt.subplot(122)

plot_data()

plot_curve(ridge_curves[3])
plt.title('Regularized degree 12 polynomial')

plt.ylim(-5e10, 170e10)
plt.tight_layout()

1e12 Base degree 12 polynomial 1e12 Regularized degree 12 polynomial
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alphas = [0.001, 0.01, 0.1, 1.0, 10.0, 100.0]
alpha_clfs = [Pipeline([
('poly', PolynomialFeatures(degree=12, include_bias=False)),
('reg', Ridge(alpha=alpha, normalize=True))]
).fit(X, y) for alpha in alphas]

alnha riirvec = Tmake curvelclf) far 1€ in alnha fl1€cl
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labels = [f'$\\lambda = {alpha}$' for alpha in alphas]

plot_curves(alpha_curves, cols=3, labels=labels)

1812 Palynomial Regression
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def plot_curves(curves, cols=2, labels=None):
if labels is None:
labels = [f'Deg {deg} poly' for deg in degrees]
rows = int(np.ceil(len(curves) / cols))
fig, axes = plt.subplots(rows, cols, figsize=(10, 8),
sharex=True, sharey=True)

for ax, curve, label in zip(flatten(axes), curves, labels):

plot_data(ax=ax, label='Training data')
plot_curve(curve, ax=ax, label=label)
ax.set_ylim(-5e10, 170e10)

ax.legend()

# LY clials 5 Sl ol il
fig.add_subplot(111, frameon=False)
# ool B Opglially ciledlally agaall slis)

plt.tick_params(labelcolor="none', top='off', bottom='off"',

left="off', right="off")
plt.grid(False)
plt.title('Polynomial Regression')
plt.xlabel( 'Water Level Change (m)')
plt.ylabel('Water Flow (Liters)"')
plt.tight_layout()
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df

water_level_change water_flow
0 15.94- 60422330445.52
29.15- 33214896575.60
2 36.19 972706380901.06
20 7.09 236352046523.78
21 46.28 1494256381086.73
22 14.61 378146284247.97

23 rows x 2 columns
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fig = plt.figure(figsize=(10, 4))

plt.subplot(131)
plot_data()
plot_curve(curves[3])
plt.title('Base')
plt.ylim(-5e10, 170e10)

plt.subplot(132)

plot_data()
plot_curve(ridge_curves[3])
plt.title('Ridge Regression')
plt.ylim(-5e10, 170e10)

plt.subplot(133)

plot_data()
plot_curve(lasso_curves[3])
plt.title('Lasso Regression')
plt.ylim(-5e10, 170e10)
plt.tight_layout()


https://www.youtube.com/watch?v=NGf0voTMlcs
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LassoCV.html
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.Lasso.html
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from sklearn.linear_model import LassoCV

<>

lasso_clfs = [Pipeline([('poly', PolynomialFeatures(degree=deg, include_bias=False)),
('reg', LassoCV(normalize=True, precompute=True, tol=0.001))])

Fit(X, y)
for deg in degrees]

lasso_curves = [make_curve(clf) for clf in lasso_clfs]
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ridge = coef_table(ridge_clfs[3]).rename(columns={'Coefficient Value': 'Ridge'})
lasso = coef_table(lasso_clfs[3]).rename(columns={'Coefficient Value': 'Lasso'})
pd.options.display.max_rows = 20
pd.set_option('display.float_format', '{:.10f}'.format)
display(ridge.join(lasso))
pd.options.display.max_rows = 7
pd.set_option('display.float_format', '{:.2f}'.format)
Ridge Lasso
degree

0 221303288116 198212062407

1 6953405308 9655088668

2 142621063.9 198852674.2

3 1893283.057 0

4 38202.15203 34434.34589

5 484.4262914 975.6965959

6 8.152512652 0

7 0.1197232472 0.0887942172

8 0.0012506185 0

9 0.0000289599 0

10 0.0000000004- 0

11 0.0000000069 0

12 0.0000000001- 0
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import numpy as np
import matplotlib
import matplotlib.pyplot as plt
import pandas as pd
import seaborn as sns
sns.set()
sns.set_context('talk")
np.set_printoptions(threshold=20, precision=2, suppress=True)
pd.options.display.max_rows = 7
pd.options.display.max_columns = 8
pd.set_option('precision’, 2)
lebron = pd.read_csv('lebron.csv')
lebron
game_date minute opponent action_type shot_type shot_distance shot_made
0 20170415 10 IND Driving Layup Shot ZP;:;;TId 0 0
1 20170415 11 IND Driving Layup Shot ZP;()F:"’ 0 1
2 20170415 14 IND Layup Shot 2PT Field 0 1
Goal
381 20170612 46 GSW Driving Layup Shot ZP-GI—;;TId 1 1
382 20170612 47 GSW Turnaround 2PT Field 14 0
Fadeaway shot Goal
383 20170612 48 GSW Driving Layup Shot ZP;;;T'O' 2 1

384 rows x 7 columns
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sns.lmplot(x="'shot_distance', y='shot_made’,
data=jitter_df(lebron, 'shot_distance', 'shot_made'),
fit_reg=False,
scatter_kws={"'alpha': 0.3})

plt.title('LeBron Shot Make vs. Shot Distance');
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def jitter_df(df, x_col, y_col):
Xx_jittered = df[x_col] + np.random.normal(scale=0, size=len(df))
y_jittered = df[y_col] + np.random.normal(scale=0.05, size=len(df))
return df.assign(**{x_col: x_jittered, y_col: y jittered})


https://alioh.github.io/ds-100-ar/files/chapter17/lebron.csv

LeBron Shot Make vs. Shot Distance
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sns.lmplot(x="'shot_distance', y='shot_made’,
data=jitter_df(lebron, 'shot_distance', 'shot_made'),
ci=None,

scatter_kws={"'alpha': 0.4})
plt.title('Simple Linear Regression');

Simple Linear Regression
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sns.lmplot(x="'shot_distance', y='shot_made’,
data=jitter_df(lebron, 'shot_distance', 'shot_made'),

ci=None,
scatter_kws={"'alpha': 0.4})
plt.axhline(y=0.5, linestyle='--', c='g")

plt.title('Cutoff for Classification');



Cutoff for classification
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xs = np.linspace(-100, 100, 100)
ys = 0.5 * xs

plt.plot(xs, ys)

plt.xlabel('$x$")

plt.ylabel(r'$f_\hat{\theta}(x)$")

plt.title(r'Model Predictions for $ \hat{\theta} = 0.5 $');
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from scipy.special import expit
xs = np.linspace(-10, 10, 100)
ys = expit(xs)

plt.plot(xs, ys)
plt.title(r'Sigmoid Function')
plt.xlabel('$ t $')
plt.ylabel(r'$ \sigma(t) $');

Sigmoid Function
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https://www.youtube.com/watch?v=WcDtwxi7Ick
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# awasil Sl an ol el Aeadiud S Y el 2SN aedl dala Y
def flatten(li): return [item for sub in 1i for item in sub]

thetas = [-2, -1, -0.5, 2, 1, 0.5]
Xs = np.linspace(-10, 10, 100)

fig, axes = plt.subplots(2, 3, sharex=True, sharey=True, figsize=(10, 6))
for ax, theta in zip(flatten(axes), thetas):

ys = expit(theta * xs)

ax.plot(xs, ys)

ax.set_title(r'$ \hat{\theta} = $' + str(theta))

fig.add_subplot(111, frameon=False)

plt.tick_params(labelcolor="'none', top='off', bottom='off',
left="'off', right="off")

plt.grid(False)

plt.xlabel('$x$")

plt.ylabel(r'$ f_\hat{\theta}(x) $')

plt.tight_layout()
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sns.lmplot(x="'shot_distance', y='shot_made',
data=lebron,
fit_reg=False, ci=False,
y_jitter=0.1,
scatter_kws={"'alpha': 0.3})
plt.title('LeBron Shot Attempts')



plt.xlabel('Distance from Basket (ft)')
plt.ylabel('Shot Made');

LeBron Shot Attempts
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from scipy.special import expit

sns.lmplot(x="shot_distance', y='shot_made’,
data=lebron,
fit_reg=False, ci=False,
y_jitter=0.1,
scatter_kws={"'alpha': 0.3})

Xs = np.linspace(-2, 32, 100)
ys = expit(-0.15 * (xs - 15))
plt.plot(xs, ys, c='r', label="Logistic model")

plt.title('Possible logistic model fit')

plt.xlabel('Distance from Basket (ft)')
plt.ylabel('Shot Made');

Possible logistic model fit
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https://machinelearningmastery.com/cross-entropy-for-machine-learning/
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lebron = pd.read_csv('lebron.csv')
lebron
game_date minute opponent action_type shot_type shot_distance shot_made
0 20170415 10 IND Driving Layup Shot ngc:‘f'd 0 0
1 20170415 11 IND Driving Layup Shot ZP;E;TId 0 1
2 20170415 14 IND Layup Shot 2PTField 0 1
Goal
381 20170612 46 GSW Driving Layup Shot ngcf:'d 1 1
382 20170612 47 GSW ULV AATAEE 14 0
Fadeaway shot Goal
383 20170612 48 GSW Driving Layup Shot ZP;()F:"’ 2 1

384 rows x 7 columns
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df_interact(lebron)



(384 rows, 7 columns) total
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%matplotlib inline
import ipywidgets as widgets

<>

from ipywidgets import interact, interactive, fixed, interact_manual

def df_interact(df, nrows=7, ncols=7):
def peek(row=0, col=0):

return df.iloc[row:row + nrows, col:col + ncols]

if len(df.columns) <= ncols:

interact(peek, row=(0, len(df) - nrows, nrows), col=fixed(0))

else:
interact(peek,
row=(0, len(df) - nrows, nrows),
col=(0, len(df.columns) - ncols))

print('({} rows, {} columns) total'.format(df.shape[@], df.shape[1l]))

Jos Sy G o)l 390l scikit-learn &uSe W 5355 .Y of Aglonall Juonad 03 13 Lo @53 Jpomall Wglono A8l plsoils Ysf s
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X = lebron[['shot_distance']].values
y = lebron[ 'shot_made'].values
print('X:")

print(X)

print()

print('y:")

print(y)

from sklearn.model_selection import train_test_split

X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=40, random_state=42

)

print(f'Training set size: {len(y_train)}")

print(f'Test set size: {len(y_test)}"')

Training set size: 344
Test set size: 40
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http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html
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from sklearn.linear_model import LogisticRegression

simple_clf = LogisticRegression()
simple_clf.fit(X_train, y_train)

LogisticRegression(C=1.0, class_weight=None, dual=False, fit_intercept=True,
intercept_scaling=1, max_iter=100, multi_class='ovr', n_jobs=1,
penalty="12"', random_state=None, solver='liblinear', tol=0.0001,
verbose=0, warm_start=False)
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sns.lmplot(x="'shot_distance', y='shot_made’,
data=lebron,
fit_reg=False, ci=False,
y_jitter=0.1,
scatter_kws={"'alpha': 0.3})
Xxs = np.linspace(-2, 32, 100)
ys = simple_clf.predict_proba(xs.reshape(-1, 1))[:, 1]
plt.plot(xs, ys)
plt.title('LeBron Training Data and Predictions')
plt.xlabel('Distance from Basket (ft)')
plt.ylabel('Shot Made');
LeBron Training Data and Predictions
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simple_clf.score(X_test, y_test)
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# 1 sl oS 1) A Gles
np.count_nonzero(y_test == 1) / len(y_test)
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from sklearn.feature_extraction import DictVectorizer

columns = ['shot_distance', 'minute', 'action_type', 'shot_type', 'opponent']
rows = lebron[columns].to_dict(orient="row")

onehot = DictVectorizer(sparse=False).fit(rows)
X = onehot.transform(rows)
y = lebron['shot_made'].values

X.shape

(384, 42)

<>

X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=40, random_state=42
)

print(f'Training set size: {len(y_train)}")
print(f'Test set size: {len(y_test)}"')

Training set size: 344
Test set size: 40
BB o 3amI 63 By g3gaill Jamds pods (s
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clf = LogisticRegression()
clf.fit(X_train, y_train)
print(f'Test set accuracy: {clf.score(X_test, y test)}')

Test set accuracy: 0.725
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Po(yi = k|X)

) = P(y; = k|Xi) In P(y; = k|X;) — P(y; = k|X;) In ﬁg(yi = k|X;)

Log Y1 B)lus- (> )3 day Aol dalaall . Aslasll (o ddd> OSasg arg mgin de 55 Y 4l @ e ez Y JoYI hasasll Of by 12>y
: P zhseill &uab s
1 & - -
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0 = arg moin(Average Cross-Entropy Loss)
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6 = arg mé;m(Average Cross-Entropy Loss)
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from sklearn.feature_extraction.text import CountVectorizer
from sklearn.model_selection import train_test_split
from sklearn.linear_model import LogisticRegression
from sklearn.linear_model import SGDClassifier
# il Juaas
emails = pd.read_csv('emails_sgd.csv').sample(frac=0.5)
# el sl Lebisas o palladll jLad
X, y = emails['email'], emails[‘spam']
X_tr = CountVectorizer().fit_transform(X)
# ) cuoa il s
X_train, X_test, y_train, y_test = train_test_split(X_tr, y, random_state=42)
y_train = y_train.reset_index(drop=True)
y_test = y_test.reset_index(drop=True)
# Jadsall hua
log_reg = LogisticRegression(tol=0.0001, random_state=42)
stochastic_gd = SGDClassifier(tol=0.0001, loss='log', random_state=42)
<>

%%time
from sklearn.metrics import accuracy_score, precision_score, recall_score
log_reg.fit(X_train, y_train)

log_reg_pred = log reg.predict(X_test)
print('Logistic Regression')

print(' Accuracy: ', accuracy_score(y_test, log_reg_pred))
print(' Precision: ', precision_score(y_test, log_reg_pred))
print(' Recall: ', recall_score(y_test, log reg pred))

print()


https://machinelearningmastery.com/gentle-introduction-mini-batch-gradient-descent-configure-batch-size/
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDClassifier.html
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html
https://alioh.github.io/ds-100-ar/files/chapter17/emails_sgd.csv

Logistic Regression
Accuracy: 0.9913793103448276
Precision: ©0.974169741697417
Recall: 0.9924812030075187

CPU times: user 3.2 s, sys: @ ns, total: 3.2 s
Wall time: 3.26 s

%x%time

stochastic_gd.fit(X_train, y_train)

stochastic_gd_pred = stochastic_gd.predict(X_test)
print('Stochastic GD")

print(' Accuracy: ‘', accuracy_score(y_test, stochastic_gd_pred))
print(' Precision: ', precision_score(y_test, stochastic_gd_pred))
print(' Recall: ', recall_score(y_test, stochastic_gd_pred))
print()

Stochastic GD
Accuracy: 0.9808429118773946
Precision: ©.9392857142857143
Recall: 0.9887218045112782

CPU times: user 93.8 ms, sys: 31.2 ms, total: 125 ms
Wall time: 119 ms
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from sklearn.feature_extraction import DictVectorizer
from sklearn.model_selection import train_test_split
from sklearn.linear_model import LogisticRegression
from sklearn.metrics import accuracy_score

from sklearn.metrics import confusion_matrix

import pandas as pd

emails=pd.read_csv('selected_emails.csv', index_col=0)

emails

body

0 ...n Hi Folks,\n \n I've been trying to set a bu\
...Hah. | guess she doesn’t want everyone to kno

2 ...This article from NYTimes.com \n has been sent

spam

<>


https://www.youtube.com/watch?v=OAl6eAyP-yo
https://alioh.github.io/ds-100-ar/files/chapter17/selected_emails.csv

body spam

997 ...htmI>\n <head>\n <meta http-equiv="Conten> 1
998 ...htmI>\n <head>\n </head>\n <body>\n \n <cente> 1
999 ...n <htmI>\n \n <head>\n <meta http-equiv=3D"Co\ 1

1000 rows x 2 columns
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# dae3al Bl LIy

words_list = ['please', 'click', 'money', 'business', ‘remove']

X
y

pd.DataFrame(words_in_texts(words_list, emails['body'].str.lower())).values
emails[ 'spam'].values

# ) el Gl Juad

X_train, X_test, y_train, y_test = train_test_split(
X, y, random_state=41, test_size=0.2

)

# zisadl PN
words_list_model = LogisticRegression(fit_intercept=True)
words_list_model.fit(X_train, y_train)

y_prediction_words_list = words_list_model.predict(X_test)
y_prediction_ham_only = np.zeros(len(y_test))
y_prediction_spam_only = np.ones(len(y_test))

print(f'ham_only test set accuracy: {np.round(accuracy_score(y_prediction_ham_only, y test), 3)}')
print(f'spam_only test set accuracy: {np.round(accuracy_score(y_prediction_spam_only, y test), 3)}')
print(f'words_list_model test set accuracy: {np.round(accuracy_score(y_prediction_words_list, y_test), 3)

ham_only test set accuracy: 0.96
spam_only test set accuracy: 0.04
words_list_model test set accuracy: 0.96
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<>

def words_in_texts(words, texts):
indicator_array = np.array([texts.str.contains(word) * 1 for word in words]).T

return indicator_array

Z39aidl OF Y] cddle 905 350l 1ig) A1 O (pe )l e Wiz Sl (Ae %96 s grammso dsiuad O words_list_model gdged!
Wl Of g5 o golaall Y JSLawll ans IS o -dmesn s SSlawsS Sl 5 o ppbo 56 dimglill s e s ham_only
Pyl 8lag 3 ged pldsicl (95 gLl Ludd (Je Jguazd!

Bl A gauas plisciwl @31 Kty Zgedl Oladys 885 (o WS LiSlay . zdlasll 1ol g paany Lllas uB Ll 831 g yglas LS

S ©ldgll @i e Ggiz 2x2 Olwlis WIS heatmap dyly> dlays- (2 (0/1) gBlid! JUS z3gei) 4311 d3sa4a0 .Confusion Matrix
SESUSTESNIIE R EU N TP PESY

10z Ly OB zdgadl ] dneio (3948 dy Dy Jia] 65 13] g3 g0id) Aaimall gl o6 Bylue BB Agima (3 dasd S

Az oty Byl guomio OF z3g0idl 1855 1 eI § sl Loatl)) (True Positive (TP @



lehsiuas o3z Of (ke (5o g3sS cdmeie pe UlyS gadgns (o5 OF E3gedl ads5 (e § cnodd) dastl) (False Negative (FN
INbOX (il by Bskive J) cdiogy dmcioe st AliaS Wadpdoss @ dneie Al O g (o @895 Uil (§ Ldmeio Ula)S

1OVt lpd 098w ezdgaidl J dxeyo pe Go ATt Alyy Jo] @3 13] cdiylall iy
danan LgigS 3 (uSe (29 dmeie Ulu)S Vb))l dpisiy ol OF 8 gl 285 1(Jawdl 3 Hlul donal)) (False Positive (FP ©

Inbox gyl donld duas g 39ASIYI By (§ mesedl ol ) Juaies Aol Of g Caguadll s Ll § Ldcie psS
w)»fasuxw Aoyl zume OF Figedd! adgi: (WNIGMI da,ll) (True Negative (TN e

1 U1 gl 8 adl Hlans] oSy ¢l i JU1 Tyl e &g § eedliall B3 o OF Bse

Example of a _ -
confusion matrix Predicted 2359
3 @Luj ;_ij Yes No
4501 d3924m0
True Positive False Negative
Yes Yes égﬁ No 6'3.93
Actual Yes diasl daxiidly Yes Aol doily
EESH ]
sl False Positive True Negative
No Yes a8 No a3s5
No dddodl doxlillg No &zl Ay
alioh.com

Slie Yes/No saasl (uSe @iy Calize 48 (gl JSadl 0 HlaeYb sVl ae

False ¢l caduad] ¢35 ASIY il il Cadual § ke Jond Lo e Jaial False Negative 9 False Positive ol a8 g3l 45
False Negative oo Tl (2 1) (gl ol § Ly puiss Lalalass o JULg donc oS dage a9 ASU] oy J5lusy oy o Positive
ST 0550 0B Lo lasl jausess 4 False Negative ¢ bl a8l S il dlxall § sl ol (§ domsiall Sl ain 5 48 gl
.False Positive ¢l adgill (ye dranl

eyl Dbl plusaiul M1 Z3lal) Bl A gasan sLadY scikit-learn 48 & Confusion Matrix 481 d3gasme dll> pisiuic
:JWE ham_only z3gedl @il

<>
from sklearn.metrics import confusion_matrix
class_names = ['Spam', ‘'Ham']
ham_only_cnf_matrix = confusion_matrix(y_train, ham_only_y_pred, labels=[1, 0])

plot_confusion_matrix(ham_only_cnf_matrix, classes=class_names,
title="ham_only Confusion Matrix')
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http://scikit-learn.org/stable/modules/generated/sklearn.metrics.confusion_matrix.html#sklearn.metrics.confusion_matrix

<>

def plot_confusion_matrix(cm, classes,
normalize=False,
title="'Confusion matrix',
cmap=plt.cm.Blues):

B Ashias A o3 an s
el aladilly Ul b S “normalize=True .

import itertools
if normalize:
cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]

plt.imshow(cm, interpolation='nearest', cmap=cmap)
plt.title(title)

plt.colorbar()

tick_marks = np.arange(len(classes))
plt.xticks(tick_marks, classes, rotation=45)
plt.yticks(tick_marks, classes)

fmt = '.2f" if normalize else 'd’
thresh = cm.max() / 2.
for i, j in itertools.product(range(cm.shape[@]), range(cm.shape[1])):
plt.text(j, i, format(cm[i, j], fmt),
horizontalalignment="center",
color="white" if cm[i, j] > thresh else "black")

plt.tight_layout()
plt.ylabel('True label')
plt.xlabel('Predicted label')
plt.grid(False)

ham_only_y_pred = np.zeros(len(y_train))
spam_only_y_pred = np.ones(len(y_train))
words_list_model_y pred = words_list_model.predict(X_train)

44.” 64.\\ Mldw‘ub\ S19 u.\).,\...\\ bl dﬁAle \.7.2.\\ &9‘“’“ @LMJI L;L,.J‘ (““’)'”O‘“ﬁ"’“"

& @I @y ((True Positive (0 dxsje Slad b9 doxeyaS lgados @3 &l byl ggaze ((JsY1 sawdl) True label = spam o
@lly (§ dzmete J9AS)] Loy Dy 42 Juo OF U yelas ((False Negative (42 dxeso ddll (3 (p9 dncie a8 adys
oyl

©lad g gy ¢(False Positive (0 dxeyo e dadiodl § (g doeeisS lgadsd I byl ggazme 1(GWI laudl) True label = ham o
Sy & dxeye ne iy Al 758 s of U3 aa (True Negative (758 dxsie e Sad (p9 dncio pe <38 I Sl
.g.,\")_).kﬁl

] o S Lgininas 1895 & gl 1ol (5539 ol bl BuacYl § il gsome @ildl Gl pundl (3o o)
Egoze ¢(True Positive (0 dxeio Sad (pg dneiaS gadgs @3 @I Jilul iladgs ggaze 1(J9YI 3904)l) Predicted label = spam  ©
Ul §Taz g Y @l ham_only wladss Of sela (False Positive (0 dxeye né didbisdl § (b9 dxeiaS lgadgs &) Bl wladgs
i M)M\ubbdwﬁdjﬂl Ju);
«(False Negatlve (42 dxejo dauaxl| d P9 dmeie S lgaBos © 6‘” Oladgill Foaza ! (del >902)l) Predicted label = ham
800 LJus of ham_only wladgs Of 5ekas (True Negative (758 dxcio s& Sad (pg dmeyo ab 38 I Jilu))l a3 g goomme
el ©ble § dmsie e J9AS oy Ay

800 ol (o il @l § dmeto s 39580 L Uy 758 Lus oY (% ~ .95) 4Jle 483 L) ham_only gdsed! Of (553

<>
spam_only_cnf_matrix = confusion_matrix(y_train, spam_only_y_pred, labels=[1, @])

plot_confusion_matrix(spam_only_cnf_matrix, classes=class_names,
title="'spam_only Confusion Matrix')
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words_list_model_cnf_matrix = confusion_matrix(y_train, words_list_model_y pred, labels=[1, ©])

plot_confusion_matrix(words_list_model_cnf_matrix, classes=class_names,
title="words_list_model Confusion Matrix')
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# sl clllaal sy
words_list_prediction_probabilities = words_list_model.predict_proba(X_train)[:, 1]

# el ye oSally dae e Al S ayll Al 2na 70, e ST Ay (S Laie

words_list_predictions = [1 if pred >= .70 else @ for pred in words_list_prediction_probabilities]
# 481 Aghiae Sl

high_classification_threshold = confusion_matrix(y_train, words_list_predictions, labels=[1, 0])
# ) dfhas o)

plot_confusion_matrix(high_classification_threshold, classes=class_names,
title="'words_list_model Confusion Matrix $C = .70%"')
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# el ye GSally dae e Al S 3l Al 23sa 30, e ST DY) S8 Laie
words_list_predictions = [1 if pred >= .30 else @ for pred in words_list_prediction_probabilities]


https://machinelearningmastery.com/threshold-moving-for-imbalanced-classification/

# 4B Adghae oL
low_classification_threshold = confusion_matrix(y_train, words_list_predictions, labels=[1, @])

# ) Ahas o)
plot_confusion_matrix(low_classification_threshold, classes=class_names,
title='words_list_model Confusion Matrix $C = .30%"')
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from sklearn.metrics import roc_curve

words_list_model_probabilities = words_list_model.predict_proba(X_train)[:, 1]
false_positive_rate_values, sensitivity values, thresholds = roc_curve(y_train, words_list_model_probabil

plt.step(false_positive_rate_values, sensitivity values, color='b', alpha=0.2,
where="post"')

plt.xlabel('False Positive Rate (1 - Specificity)')

plt.ylabel('Sensitivity')

plt.title('words_list_model ROC Curve')
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plt.step(np.arange(®, 1, ©.001), np.arange(®, 1, ©.001), color='b', alpha=0.2,
where="post"')

plt.xlabel('False Positive Rate (1 - Specificity)')

plt.ylabel('Sensitivity')

plt.title('Random Classifier ROC Curve')
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plt.fill_between(false_positive_rate_values, sensitivity_values, step='post', alpha=0.2,
color="b")

plt.xlabel('False Positive Rate (1 - Specificity)')
plt.ylabel('Sensitivity')


http://scikit-learn.org/stable/modules/generated/sklearn.metrics.roc_auc_score.html#sklearn.metrics.roc_auc_score
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plt.title( words_list_model ROC Curve')
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from sklearn.metrics import roc_auc_score

roc_auc_score(y_train, words_list_model_probabilities)

0.9057984671441136
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shapes = pd.DataFrame(

[[1.3, 3.6, 'triangle'], [1.6, 3.2, 'triangle'], [1.8, 3.8, 'triangle'],

[2.0, 1.2, 'square'], [2.2, 1.9, 'square'], [2.6, 1.4, 'square'],

[3.2, 2.9, 'circle'], [3.5, 2.2, ‘circle'], [3.9, 2.5, ‘'circle']],
columns=["$x_1$', '$x_2%', '$y$']

)

sns.lmplot('$x_1%$', '$x_2$', data=shapes, hue='$y$', markers=['~", 's', 'o'], fit_reg=False)
plt.xlim(1.0, 4.0)
plt.ylim(1.0, 4.9);
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plot_binary(shapes, 'triangle')
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markers = {'triangle':['~', sns.color_palette()[0]],
‘square':['s', sns.color_palette()[1]],
‘circle':['o"', sns.color_palette()[2]]}

def plot_binary(data, label):

data_copy = data.copy()

data_copy['$y$ == ' + label] = (data_copy['$y$'] == label).astype('category')

sns.lmplot('$x_1%', '$x_2$', data=data_copy, hue='$y$ == ' + label, hue_order=[True, False],
markers=[markers[label][0], 'x'], palette=[markers[label][1], 'gray'],
fit_reg=False)

plt.xlim(1.0, 4.0)

plt.ylim(1.0, 4.0);
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plot_binary(shapes, 'square')
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plot_binary(shapes, 'circle')
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from sklearn.linear_model import LogisticRegression

1r_triangle = LogisticRegression(random_state=42)
1r_triangle.fit(shapes[['$x_1$"', "$x_2%$']], shapes['$y$'] == 'triangle’)
proba_triangle = lr_triangle.predict_proba([[3.2, 2.5]])[0][1]

1r_square = LogisticRegression(random_state=42)
1r_square.fit(shapes[['$x_1$"', '$x_2$']], shapes['$y$'] == 'square')
proba_square = lr_square.predict_proba([[3.2, 2.5]])[0][1]

1r_circle = LogisticRegression(random_state=42)
1r_circle.fit(shapes[['$x_1$"', '$x_2$']], shapes['$y$'] == 'circle')
proba_circle = 1lr_circle.predict_proba([[3.2, 2.5]])[0][1]

1r_triangle 1r_square 1r_circle
0.145748 0.285079 0.497612
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iris = pd.read_csv('https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data’,
header=None, names=['sepal_length', 'sepal_width', 'petal_length', 'petal_width', 'spec

iris

sepal_length sepal_width petal_length petal_width species

0 5.1 3.5 14 0.2 Iris-setosa
1 4.9 3 14 0.2 Iris-setosa
2 4.7 3.2 13 0.2 Iris-setosa
147 6.5 3 5.2 2 Iris-virginica
148 6.2 3.4 5.4 2.3 Iris-virginica
149 5.9 3 5.1 1.8 Iris-virginica

150 rows x 5 columns

<

X, y = iris.drop('species', axis=1), iris['species']
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.35, random_state=42)

S 395 oo JU Sk ool bl e cliaiiasll shaie z3gaidl S 0985 LS 5 s Sy U] UL e das
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1r = LogisticRegression(random_state=42)
1r.fit(X_train, y_train)

LogisticRegression(C=1.08, class_weight=None, dual=False, fit_intercept=True,


https://archive.ics.uci.edu/ml/datasets/iris
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html

intercept_scaling=1, max_1lter=ivv, muitli_class= Oovr , n_JjoDs=1,
penalty='12", random_state=42, solver='liblinear', tol=0.0001,
verbose=0, warm_start=False)

b o] 81 ddgaime pusuiud @ s Glle plasciwl x84l peas
<>

y_pred = lr.predict(X_test)
plot_confusion_matrix(y_test, y_pred)

Predicted
iris-setosa iris-versicolor iris-virginica

iris-setosa

iris-versicolor

Observed

Iris-virginica
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def plot_confusion_matrix(y_test, y pred):
sns.heatmap(confusion_matrix(y_test, y _pred), annot=True, cbar=False, cmap=matplotlib.cm.get_cmar
plt.ylabel('Observed")
plt.xlabel('Predicted")
plt.xticks([©.5, 1.5, 2.5], ['iris-setosa', 'iris-versicolor', 'iris-virginica'])
plt.yticks([©.5, 1.5, 2.5], ['iris-setosa', 'iris-versicolor', 'iris-virginica'], rotation='horiz
ax = plt.gca()
ax.xaxis.set_ticks_position('top")
ax.xaxis.set_label_position('top")
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sns.lmplot(x="sepal_length', y='sepal _width', data=iris, hue='species', fit_reg=False);
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https://www.youtube.com/watch?v=tGYvaabMbYA
https://www.youtube.com/watch?v=fqPiDICPkj8
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import pandas as pd
import numpy as np
baby = pd.read_csv('baby.csv')
baby = baby.loc[:, ["Birth Weight", "Maternal Smoker"]]
baby
Birth Weight Maternal Smoker
0 120 FALSE
113 FALSE
2 128 TRUE
1171 130 TRUE
1172 125 FALSE
1173 117 FALSE
1174 rows x 2 columns
el
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https://www.inferentialthinking.com/chapters/12/Comparing_Two_Samples.html
https://www.inferentialthinking.com/chapters/13/Estimation.html
https://www.inferentialthinking.com/chapters/11/Testing_Hypotheses
https://www.inferentialthinking.com/chapters/12/Comparing_Two_Samples
https://www.inferentialthinking.com/chapters/13/Estimation
https://alioh.github.io/ds-100-ar/files/appendix-a/baby.csv

oo 31 08 @l aedl @lgadl o ddlgal) 83 gl £l ()9l aswgie «Jba>l geizall § :Alternative hypothesis Aol dusyll o
lsde e Olgal e wdlgall

o Parameters coluizal Je 12bs Oluoyall oda Guzrgl Ut (pg L) oliiY) o doge dals . Olubyall 0do ()8 3151 5o quuyll Ldda
28 Olgal adlge (gl Solua 098w lisuell Oleadl Ml 035" o potadl duyd sl poii Y ms Slie linylaxi (pe putls LI
U § gl S Ol 39290 1315 Sl

Ol Al du ! Jgis ¢ oy a8 Shng Auall OF @4l CIS OB cdubydll diadss lo (uSe ,glas gl C3E 13] 4l puad] dubyd uSEs
2 i age cal @) sy 3,41

J5T iz dall lgadl o adlgall 9 O 13] puall b b sl 1asY ¢ Joull g gll bl Wiayiyd S e ST 8,05 36 of o
e @l il e Aty Ll e [ Jad Aol duinydll 3T ey bzl Olgadll e adlgall Obsl o ASH asls S

OF 13] dbudl Olus,all e g9l 14s pasis ¢ple SSiw .One-sided Alternative Hypothesis u>ly ol ¢po dbudl dus,all ells
el Olisue lgal oo Wlged 09 Jamgia (65 OF S Y 4 @i s Ll

‘olisaall_aey Slasdadl Glgedl o ddlgall 03g) GLSS gose slisl Uad ccablodl o)

<>
import matplotlib.pyplot as plt

plt.figure(figsize=(9, 6))

smokers_hist = (baby.loc[baby["Maternal Smoker"], "Birth Weight"]
.hist(density=True, alpha=0.8, label="Maternal Smoker"))

non_smokers_hist = (baby.loc[~baby["Maternal Smoker"], "Birth Weight"]

.hist(density=True, alpha=0.8, label="Not Maternal Smoker"))

smokers_hist.set_xlabel("Baby Birth Weights™)

smokers_hist.set_ylabel("Proportion per Unit")

smokers_hist.set_title("Distribution of Birth Weights")

plt.legend()

plt.show()
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nonsmoker = baby.loc[~baby["Maternal Smoker"], "Birth Weight"]
smoker = baby.loc[baby["Maternal Smoker"], "Birth Weight"]
observed_difference = np.mean(smoker) - np.mean(nonsmoker)
observed_difference
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def shuffle(series):

A i) AR Aadll il pil bl &) s salely dsiadl LI

return series.sample(frac=1, replace=False).reset_index(drop=True)

baby["Shuffled"] = shuffle(baby["Birth Weight"])
baby

Birth Weight Maternal Smoker Shuffled

0 120 FALSE 122
1 113 FALSE 167
2 128 TRUE 115
1171 130 TRUE 116
1172 125 FALSE 133
1173 117 FALSE 120

1174 rows x 3 columns
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<>
differences = np.array([])

repetitions = 5000
for i in np.arange(repetitions):
baby["Shuffled"] = shuffle(baby["Birth Weight"])

#oohssde (e seae Op dawsialls G aa

nonsmoker = baby.loc[~baby["Maternal Smoker"], "Shuffled"]
smoker = baby.loc[baby["Maternal Smoker"], "Shuffled"]
simulated_difference = np.mean(smoker) - np.mean(nonsmoker)

differences = np.append(differences, simulated_difference)
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differences_df = pd.DataFrame()

differences_df["differences"] = differences

diff_hist = differences_df.loc[:, "differences"].hist(density=True)
diff_hist.set_xlabel("Birth Weight Difference™)
diff_hist.set_ylabel("Proportion per Unit")
diff_hist.set_title("Distribution of Birth Weight Differences");



Distribution of Birth Weight Differences
035

Proportion per Unit
o o © ©
Py %] ha (%]
o = o [=]

o
=
o

005

0.00
—4 -2 0 2 4
Birth Weight Difference

peball Ay (3 Taawgiall i Lg) 0550 O e e gamall O Ly 9 @31 U ollaussiall (3 Gyl i yyomats Of (il oo

3 Gl s (2, &zl adleisYl dogdll p-value &l doadl] Gl lsde o (d8lasl Hlasd ol liwl sl J=1 o
o] SULAl 358 oo JBT T diglus 36 (@1 US> (&1 bl

<>

p_value = np.count_nonzero(differences <= observed_difference) / repetitions
p_value
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def resample(sample):
return np.random.choice(sample, size=len(sample))

def bootstrap(sample, stat, replicates):
return np.array([

stat(resample(sample)) for _ in range(replicates)

nonsmoker = baby.loc[~baby["Maternal Smoker"], "Birth Weight"]
smoker = baby.loc[baby["Maternal Smoker"], "Birth Weight"]

nonsmoker_means = bootstrap(nonsmoker, np.mean, 10000)
smoker_means = bootstrap(smoker, np.mean, 10000)

mean_differences = smoker_means - nonsmoker_means

mean_differences_df = pd.DataFrame()

mean_differences_df["differences"] = np.array(mean_differences)
mean_diff = mean_differences_df.loc[:, "differences"].hist(density=True)
mean_diff.set_xlabel("Birth Weight Difference™)

mean_diff.set_ylabel("Proportion per Unit")
mean_diff.set_title("Distribution of Birth Weight Differences");
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(np.percentile(mean_differences, 2.5),
np.percentile(mean_differences, 97.5))

(-11.36909646997882, -7.181670323140913)

242391 7.18- 9 11.37- o GlasY! gesizeadl ddlgall 0lsYl Lawgio § B OF %95 485 &y S5l U oy 1 4221 Juols

A8 Jlre 9 Wlud y a1 Hlasl jasehe

bl oy 7,1 ligle g eyl 5Ly pLl) sgatll o a1 oty Jaball 5! plasiiunly Clubydll jlas! laz) sl 1o
)L.dé\ )Lb'd 4z d«plé c-UIJ)J .p-value @W}“ 2\&.’55 k..)lmkl )L.d&))\ C)\jk:'c.) ﬁwb ‘k_.AmUL'AA.” iﬁwyl )L}Z}\ )L_A.Z}\ ‘2\134‘.1\ a..ﬁ'ajiz]\j
Lol g..UI aaidl LS}L‘MA—‘ a.l:tl.io.l\ Q:JL_'J.QS.” dudoei ‘55.5)_9 ‘a_ﬁwy\ Slasy L?:\)ad ._?9_)33 r-l.&l}) a_.n.L,as)” Ayl gl ‘;,‘.m\.be sba>|

Jobad! Hlas

1 g3 G sl iy Skl Sl bl e ST Coyailly Auyd sty o) Jolall sl s § lgsd (s oYl Buis Ui
il Lalaall sbaxYl gg5 (oo pind (pllg ddlax] Lol aldll O9s Wlarliiul slxl U zews Non-Parametric Test (plae
.Parametric Test



(&9 dawlg (Student Evaluation of Teachmg (SET Gyl Odllall @5 blo (§ 92 Jolid! ol bisiwd doslgll EILAIRES
S {onad Ol Olodas U pludl gl (3o A=l e Slgdes JSiw ogazs o5 Wb 47 eyl o 3 (2016) Dl 5 g3l
slowdl Olakaall Jals 55391 pluudY) & &l p.ga\o.«.u\ plaseinl Oladaolb Ccanpaill @3 corond 3 MRS PRK S WEN |

&

@lasdlally Slayll e CMall J) @lerlgdl Bale] Gaunds @3 Lig ASIT Oladaally Ol o Jelad] OF . dzg) Tz Olakandl Ol il o
Slrlsll gl ool § Olabaall M 033 Jirdll &ilg 3 5251 0 Senall s Olabaodl (s Ll 0labasll (0 gl pu
ool Ol 05 e 685 uizml) O 13] By Of Clgall ol ) Wgislely

ERE SIURIREY
.0.05 $9lw p-value ddloisYl dagdll glad Jiold plaseiuly dupydll Hlus loy|

Aond o Dgludte di0y8 LI S (Perceived) pg) Hgsaino iz S d>ls ccdlb S o0 i) 0Vl uyde S cModel z3gedd! 3

ke O 0y D3t .olalaoll (Perceived Gender og) sguaiell izl <Gender sl puiadl) HLasYl G cruddl oy ST ot

og2n o eaiiey S Sy

aasdl (3,9 LSTﬁ oy ild Ol ‘w.uu de b LST ) pad Ml (s Hgsatiall Guizell (£ &yl 04 (§ Null Hypothesis poall L.c,s
d Ve LFU‘ [GIX Ls"‘" ul.:l 3\ )35.) p@)\ u}Uzll Dl o ;l}wjuu.: )" o e L,S‘J MJ\ ‘J>| G . 49»\44]\.: o M.JI

gJLlaquaJaudo\jwdsL}pMWl

ol Ol s e 36 &) el Gl (0 ygaiall puizl Of » Alternative Hypothesis dbuwl duz il

0555 o &35 ¢ gk S &) of 953 (o.e_\l @)k oraydel) Ol edd) Wllawgiall B3 9o Test Statistic &sba>Yl HLis
W &S LSy M:J\J:.,ubwmuui;plla\oua@)swdl

Mperceived female — Mperceived male

g

n ) ng )
Z]‘:I z1j + Z]‘:l T3j
n1 +n3
n2 ) na )
i1 @25 D50 T

Ny + Ny

Hperceived female —

Mperceived male =

4 Aegazmall &l 3 § o8y CIUall @l (p Ty 95 Aegermall G Ol sue (p 1 Ledy

ol dnyd § sbas Yl HLasY (g0, s slady Jols HLas eharl oo ¢pundal) M)l s e 8 a0 13 Lo s J2T e
AU Olghasdl gLSL e g

LA ludl Byguall e cradly Hlud! (bl e Jalsdb p sl Ll Lasy bl s @il Ol B (e yguaiell izl LS @
Lsul‘gl)s.,\sle.aM\xm‘mdlubjwléu)lhﬂwhuﬁmé&)dluw o
MWI&WlédjﬁJlmwuwLsu)m&.gy.)bu)’a)ﬂgnfslj)ﬂl .

MDWBJLMUJIG.\JSI 914@>|)Lu.>| .)\:u‘ ¢JL~>| @}J ‘.9))#.&“ bl)yd\ f\i_\;uuul .

Glodeadl el uizeld 0) guad o8 Ui MIMM)MW@%J‘SMl C.)y,d\d JaJl lMLgd;LuJULuab.»Jupeﬁ(o.eAjl
e S35 o ol s ddd 69\31)§A§¢QJUMIJ3@QSU)@XQQIM)AJI VIRV F SPE Pl:ub&]ulwwl
AW(‘-\.A:JI w)s CR1 Y Iai M‘
L)

Ao Olaslall Sl § Y as B3le § b § I 473 Glax] e (o DUl o 3JWI puizadls D)l bl s

L kssl StudentRatingsData.csv @bl o)


https://alioh.github.io/ds-100-ar/files/appendix-b/StudentRatingsData.csv

student_eval = (

pd.read_csv('StudentRatingsData.csv')
.loc[:, ["tagender", "taidgender", "prompt"]]
.dropna()

<>

.rename(columns={'tagender': 'actual', 'taidgender': 'perceived'})
student_eval[['actual', 'perceived']] = (
student_eval[['actual', 'perceived']]
.replace([0, 1], ['female', 'male'])
)
student_eval
actual perceived prompt
0 female male 4
1 female male 5
2 female male 5
43 male female 4
44 male female 2
45 male female 4

43

rows x 3 columns
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<>
avg_ratings = (student_eval
.loc[:, ['actual', ‘'perceived', 'prompt']]
.groupby ([ 'actual', 'perceived'])
.mean()
.rename(columns={"'prompt': "'mean prompt'})
)
avg_ratings
mean prompt
actual perceived
female female 3.75
male 4.33
male female 3.42
male 4.36
<>

fig, ax = plt.subplots(figsize=(12, 7))
ind = np.arange(4)
plt.bar(ind, avg_ratings[“mean prompt"])

ax.
ax.
ax.
ax.
ax.

set_xticks(ind)

set_xticklabels(['Female (Percieved Female)',
set_ylabel('Average Promptness Rating')
set_xlabel('Actual/Percieved Gender')

plt.show()

'Female (Percieved Male)', 'Male (Percieved Female)', "M

set_title('Average Rating Per Actual/Percieved Gender')
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Actual/Percieved Gender

Average Promptness Rating
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<>

def stat(evals):
# Ulall e slaalyl jladl Cles evals
avgs = evals.groupby('perceived').mean()
return avgs.loc['female', ‘prompt'] - avgs.loc['male', 'prompt’]

observed_difference = stat(student_eval)
observed_difference

-0.79782608695652169
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<>

def shuffle_column(df, col):
# lehld o Ul e syaa dds Al W pan
result = df.copy()
result[col] = np.random.choice(df[col], size=len(df[col]))
return result

repetitions = 1000

gender_differences = np.array([
stat(shuffle_column(student_eval, 'perceived'))
for _ in range(repetitions)
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<>

differences_df = pd.DataFrame()

differences_df["gender_differences"] = gender_differences

gender_hist = differences_df.loc[:, "gender_differences"].hist(density=True)
gender_hist.set_xlabel("Average Gender Difference (Test Statistic)")
gender_hist.set_ylabel("Percent per Unit")
gender_hist.set_title("Distribution of Gender Differences")
plt.axvline(observed_difference, c='r', linestyle='--');
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# wosl Qs

sample_sd = np.std(gender_differences)

sample_mean = np.mean(gender_differences)

# e eV dadll clua

num_sd_away = (sample_mean - observed_difference)/sample_sd
right_extreme_val = sample_mean + (num_sd_away*sample_sd)

# Lllaiay) ded Cles p-value

num_extreme_left = np.count_nonzero(gender_differences <= observed_difference)
num_extreme_right = np.count_nonzero(gender_differences >= right_extreme_val)
empirical P = (num_extreme_left + num_extreme_right) / repetitions
empirical P

0.018
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Dataset

Data Design

Series

Dictionary

Vector
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https://whatis.techtarget.com/definition/data-set
https://ar.wikipedia.org/wiki/%D9%85%D8%AC%D9%85%D9%88%D8%B9%D8%A9_%D8%A8%D9%8A%D8%A7%D9%86%D8%A7%D8%AA
https://www.tutorialspoint.com/python_pandas/python_pandas_series.htm
https://www.tutorialspoint.com/python/python_dictionary.htm
https://www.mathsisfun.com/algebra/scalar-vector-matrix.html
https://www.youtube.com/watch?v=0oGJTQCy4cQ
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Random
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Gradient
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https://www.programiz.com/python-programming/class
https://www.statisticshowto.com/what-is-a-parameter-statisticshowto/
https://www.jmasi.com/ehsa/moqdma.htm
https://www.search-academy.com/article.php?p_id=423993
https://www.youtube.com/watch?v=5HA0TLvWVCQ
https://www.jmasi.com/ehsa/moqdma.htm
https://towardsdatascience.com/machine-learning-classifiers-a5cc4e1b0623
https://machinelearningmastery.com/difference-between-algorithm-and-model-in-machine-learning/
https://www.datarobot.com/wiki/feature/
https://www.datarobot.com/wiki/fitting/
https://developers.google.com/machine-learning/crash-course/descending-into-ml/training-and-loss
https://www.datarobot.com/wiki/prediction/
https://www.kdnuggets.com/2019/11/machine-learning-what-why-how-weighting.html
https://deepai.org/machine-learning-glossary-and-terms/weight-artificial-neural-network
https://sci2s.ugr.es/noisydata
https://www.statisticshowto.com/statistical-noise/
https://machinelearningmastery.com/gentle-introduction-to-the-bias-variance-trade-off-in-machine-learning/
https://machinelearningmastery.com/gentle-introduction-to-the-bias-variance-trade-off-in-machine-learning/
https://www.youtube.com/watch?v=esm0xFm0ouU
https://machinelearningmastery.com/gradient-descent-for-machine-learning/
https://towardsdatascience.com/gradient-descent-in-a-nutshell-eaf8c18212f0
https://www.youtube.com/watch?v=euhATa4wgzo
https://machinelearningmastery.com/loss-and-loss-functions-for-training-deep-learning-neural-networks/
https://www.youtube.com/watch?v=n6ZarN3qLxI
https://alioh.github.io/100MLBook-Chapter3/
https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote10.html
https://medium.com/the-theory-of-everything/understanding-activation-functions-in-neural-networks-9491262884e0
https://ai.malawad.com/%D9%85%D9%82%D8%AF%D9%85%D8%A9-%D9%81%D9%8A-%D8%AF%D9%88%D8%A7%D9%84-%D8%A7%D9%84%D8%AA%D9%86%D8%B4%D9%8A%D8%B7/
https://www.youtube.com/watch?v=KvtGD37Rm5I
https://www.youtube.com/watch?v=rPBFvvw2OM4
https://www.kdnuggets.com/2020/04/data-transformation-standardization-normalization.html
https://www.analyticsvidhya.com/blog/2020/04/feature-scaling-machine-learning-normalization-standardization/
https://www.kdnuggets.com/2020/04/data-transformation-standardization-normalization.html
https://www.analyticsvidhya.com/blog/2020/04/feature-scaling-machine-learning-normalization-standardization/
https://machinelearningmastery.com/supervised-and-unsupervised-machine-learning-algorithms/
https://machinelearningmastery.com/supervised-and-unsupervised-machine-learning-algorithms/
https://www.youtube.com/watch?v=8Oog7TXHvFY
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Pandas

EVRV]]

(pd.DataFrame(data

(pd.read_csv(filepath

(pd.DataFrame.head(n=5
(pd.Series.head(n=5

pd.DataFrame.index
pd.DataFrame.columns

()pd.DataFrame.describe

()pd.Series.describe

()pd.Series.unique

()pd.Series.value_counts

[df[col

[[df[[col

[df.loc[row, col

[df.iloc[row, col

()pd.DataFrame.isnull
()pd.Series.isnull

(pd.DataFrame.fillna(value
(pd.Series.fillna(value

(pd.DataFrame.dropna(axis
()pd.Series.dropna

(pd.DataFrame.drop(labels, axis

()pd.DataFrame.rename
pd.DataFrame.replace(to_replace,
(value

(pd.DataFrame.reset_index(drop=False

pd.DataFrame.sort_values(by,
(ascending=True

(pd.DataFrame.groupby (by
<GroupBy.<function
<pd.Series.<function

<pd.Series.str.<function

<pd.Series.dt.<property


https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.read_csv.html
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.head.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.head.html
https://alioh.github.io/ds-100-ar/chapter3
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.describe.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.describe.html
https://alioh.github.io/ds-100-ar/chapter4
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.unique.html
https://alioh.github.io/ds-100-ar/chapter4
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.value_counts.html
https://alioh.github.io/ds-100-ar/chapter4
https://alioh.github.io/ds-100-ar/chapter3
https://alioh.github.io/ds-100-ar/chapter3
https://alioh.github.io/ds-100-ar/chapter3
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.isnull.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.isnull.html
https://alioh.github.io/ds-100-ar/chapter5
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.fillna.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.fillna.html
https://alioh.github.io/ds-100-ar/chapter5
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.dropna.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.dropna.html
https://alioh.github.io/ds-100-ar/chapter5
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.drop.html
https://alioh.github.io/ds-100-ar/chapter5
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.rename.html
https://alioh.github.io/ds-100-ar/chapter5
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.replace.html
https://alioh.github.io/ds-100-ar/chapter5
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.reset_index.html
https://alioh.github.io/ds-100-ar/chapter5
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.sort_values.html
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.groupby.html
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/api.html#id41
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.core.groupby.GroupBy.mean.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.core.groupby.GroupBy.count.html
https://pandas.pydata.org/pandas-docs/stable/api.html#computations-descriptive-stats
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.mean.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.max.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.median.html
https://pandas.pydata.org/pandas-docs/stable/api.html#string-handling
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.str.len.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.str.lower.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.str.split.html
https://pandas.pydata.org/pandas-docs/stable/api.html#datetimelike-properties
https://alioh.github.io/ds-100-ar/chapter3
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.dt.year.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.dt.month.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.dt.date.html
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pd.get_dummies(columns,

(drop_first=False
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(pd.read_sql(sql, con
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Seaborn

PRV
sns.lmplot(x, y, data,
(fit_reg=True

sns.distplot(a,
(kde=True

sns.barplot(x, vy,
(hue=None, data, ci=95

sns.countplot(x,
(hue=None, data

sns.boxplot(x=None, vy,
(data

(sns.kdeplot(x, y=None

sns.jointplot(x, vy,
(data

sns.violinplot(x=None,
(y, data

matplotlib
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PARV]]
(plt.scatter(x, y

(plt.plot(x, y

plt.hist(x,
(bins=None

(plt.bar(x, height
(plt.axvline(x=0

(plt.axhline(y=0
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matplotlib inline%

plt.figure(figsize=(3,
(5

(plt.xlim(xmin, xmax


https://pandas.pydata.org/pandas-docs/stable/generated/pandas.get_dummies.html
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.merge.html
https://alioh.github.io/ds-100-ar/chapter4
https://alioh.github.io/ds-100-ar/chapter9
https://pandas.pydata.org/pandas-docs/stable/generated/pandas.read_sql.html
https://alioh.github.io/ds-100-ar/chapter9
https://seaborn.pydata.org/generated/seaborn.lmplot.html
https://alioh.github.io/ds-100-ar/chapter6
https://seaborn.pydata.org/generated/seaborn.distplot.html
https://alioh.github.io/ds-100-ar/chapter6
https://seaborn.pydata.org/generated/seaborn.barplot.html
https://alioh.github.io/ds-100-ar/chapter6
https://seaborn.pydata.org/generated/seaborn.countplot.html
https://alioh.github.io/ds-100-ar/chapter6
https://seaborn.pydata.org/generated/seaborn.boxplot.html
https://alioh.github.io/ds-100-ar/chapter6
https://seaborn.pydata.org/generated/seaborn.kdeplot.html
https://alioh.github.io/ds-100-ar/chapter6
https://seaborn.pydata.org/generated/seaborn.jointplot.html
https://alioh.github.io/ds-100-ar/chapter6
https://seaborn.pydata.org/generated/seaborn.violinplot.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.scatter.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.plot.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.hist.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.bar.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.axvline.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.axhline.html
https://alioh.github.io/ds-100-ar/chapter6
http://ipython.readthedocs.io/en/stable/interactive/plotting.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.figure.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.xlim.html
https://alioh.github.io/ds-100-ar/chapter6
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(plt.xlabel(label
(plt.title(label
(plt.legend(x, height
()fig, ax = plt.subplots

()plt.show

scikit-learn
)lus-lg z3led!
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sklearn.model_selection
sklearn.linear_model

sklearn.linear_model

sklearn.linear_model

sklearn.linear_model
sklearn.linear_model

sklearn.linear_model
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i
(model.fit(X, y
(model.predict(X

(model.score(X, y


https://matplotlib.org/api/_as_gen/matplotlib.pyplot.xlabel.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.title.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.legend.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.subplots.html
https://alioh.github.io/ds-100-ar/chapter6
https://matplotlib.org/api/_as_gen/matplotlib.pyplot.show.html
https://alioh.github.io/ds-100-ar/chapter6
http://scikit-learn.org/stable/modules/generated/sklearn.model_selection.train_test_split.html
https://alioh.github.io/ds-100-ar/chapter10
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://alioh.github.io/ds-100-ar/chapter10
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://alioh.github.io/ds-100-ar/chapter10
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://alioh.github.io/ds-100-ar/chapter10
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://alioh.github.io/ds-100-ar/chapter10
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://alioh.github.io/ds-100-ar/chapter10
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegressionCV.html
https://alioh.github.io/ds-100-ar/chapter10
https://alioh.github.io/ds-100-ar/chapter10
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